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ABSTRACT

PATTERNS AND MECHANISMS OF INTRASPECIFIC TRAIT VARIATION ACROSS
THERMAL GRADIENTS IN A MARINE GASTROPOD
FEBRUARY 2021

ANDREW R. VILLENEUVE, B.A., BOWDOIN COLLEGE
M.S., UNIVERSITY OF MASSACHUSETTS AMHERST
Directed by: Brian S. Cheng

As the earth’s climate changes due to anthropogenic emissions, it has increasingly

become an imperative within the ecological community to understand existing species

adaptations to climate change. Much focus has been paid to how a species might react to
climate change, but the role of locally adapted traits and responsible environmental

mechanisms have received less attention. Quantifying how sublethal (e.g. growth rates) and

lethal (e.g. thermal tolerance) trait performance vary between populations can thus

improve our understanding of how populations, and the entire species, will react to climate

change. Here, I quantified the spatial patterns of performance of several traits in

populations of the predatory marine snail Urosalpinx cinerea from across two thermal

gradients on the Pacific and Atlantic coasts of North America. In chapter 2, I quantified local

adaptation and plasticity of thermal tolerance, warming tolerance, and developmental traits
of Urosalpinx. I found that while low latitude populations have evolved higher thermal

tolerance than their low latitude counterparts, they also demonstrate negative plasticity in
response to higher acclimation temperatures. This is likely a result of low latitude
population adaptation to cooler developmental conditions. Further, low latitude

populations live in environments much closer to their thermal maxima than high latitude

v

counterparts, resulting in higher climate sensitivity in low latitudes. In chapter 3, I

quantified growth and consumption rates of Urosalpinx via a common garden experiment. I

found evidence for a novel pattern of trait adaptation, wherein high latitude populations
tended to have higher trait performance at higher thermal optima than low latitude

counterparts. This can be attributed to the maximizing of growth rate during short growing
seasons at high latitudes. Together, these results demonstrate that local adaptation in

endemic across two traits in Urosalpinx. I demonstrate that these traits tend to be adapted

to aspects of the environment directly related to aspects of Urosalpinx phenology, and not to
environmental means as is commonly assumed. These insights suggest that models of

organismal performance under climate change must consider not only the potential for
local adaptation in populations, but also the aspects of the environment to which these
populations are evolved.
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CHAPTER 1
1

INTRODUCTION

The world’s oceans are changing rapidly due to anthropogenic emissions, creating an
exigent need to understand how climate change will impact organismal ecology and distribution
(Hoegh-Guldberg and Bruno, 2010; IPCC, 2019). While it is tempting to predict shifts in
distribution, performance, and species interactions using data from the species-level, the reality of
intraspecific variation in many marine species necessitates the consideration of how populations
themselves differ in climate sensitivity (Pearman et al., 2010; Moran et al., 2016; Peterson et al.,
2019). One mechanism of intraspecific variation arises from local adaptation of populations to
environmental conditions, wherein local populations have higher fitness than foreign populations
in their native habitat (Kawecki and Ebert, 2004; Sanford and Kelly, 2011; Moran et al., 2016).
Because intraspecific evolutionary responses to changing environment can occur rapidly (Skelly
et al., 2007), understanding evolutionary responses to climate change can give conservationists
and policymakers a more complete picture of how climate change will impact key species
(Munday et al., 2013). Ignoring the potential for intraspecific variation risks ignoring differing
abilities of populations to track climate change through spatial and temporal scales (Skelly et al.,
2007; Hoffmann and Sgro, 2011), and can risk under- or overestimating whole-species
distribution and performance (Garzón et al., 2011; Cacciapaglia and van Woesik, 2018; Peterson
et al., 2019).
Temperature is a commonly used aspect of the environment over which organismal
physiology is quantified because of its nature as a master factor over physiology and the
established effects of climate change on global temperature (Angilletta Jr., 2009). Populations
evolve traits to persist over not only commonly experienced temperatures, but also site extremes.
We can broadly classify the traits adapted to performance under commonly experienced
temperatures (growth, food consumption rates) as sublethal traits, and those adapted to deal with
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habitat extremes (thermal tolerance) as lethal traits. It is important to quantify both lethal and
sublethal traits and their environmental drivers in the context of climate change because: 1) these
traits together determine overall population fitness in a given environment, and 2) climate change
may act differently on environmental means than it will on extremes (Thompson et al., 2013;
Bozinovic and Pörtner, 2015). Misalignment of sublethal trait genotypes and environment due to
climate change may lead to decreased performance in locally adapted populations, while the same
misalignment in lethal trait genotypes and environment may lead to population extirpation. Thus,
a critical approach to quantifying the effects of climate change on organismal physiology requires
an understanding of what aspects of the environment traits are adapted to, and how population
performance of both lethal and sublethal traits translate into overall population sensitivity to
climate change (Vila-Gispert et al., 2002; Bradshaw and Holzapfel, 2008; Sinclair et al., 2016).
Thermal tolerance is not itself a measure of climate sensitivity; it must be taken in context with
maximum environmental temperature (Deutsch et al., 2008; Bennett et al., 2019), and likewise
the contribution of growth rate to organismal fitness is dependent on a knowledge of how
performance changes over a range of temperatures (thermal performance curve, Sinclair et al.,
2016). Finally, the sublethal and lethal performance of a population must be considered in the
context of all other populations; for example, are only edge populations at risk? Or is the species
as a whole at risk (Peterson et al., 2019)? The patterns and mechanisms generating intraspecific
variation of lethal and sublethal traits are therefore critical for revealing species’ potential to
adapt to climate change.
Species whose ranges cover gradients in temperature, such as those across latitude, are
excellent candidates for testing for intraspecific variation and adaptive capacity to respond to
climate change (Bozinovic et al., 2011; De Frenne et al., 2013). Temperatures, in addition to
season length, generally decrease with increasing latitude, which results in an inability to
correlate sublethal or lethal trait performance with their respective environmental mechanism. To
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disentangle the covariance of seasonal variability and temperature across latitudinal gradient,
sublethal and lethal trait performance can be compared across two gradients, such as across the
Atlantic and Pacific coastlines of North America (Baumann and Conover, 2011). A given site in
the Atlantic may have the same mean temperature as a site in the Pacific, but have a much shorter
season length than the site in the Pacific. Thus, comparing sublethal and lethal trait adaptive
response on both coasts allows for testing of environmental mechanisms driving adaptation in
different traits. While a promising method, very few marine species have native ranges across two
coastal gradients. Species who are native to one coast but introduced and well established on the
other, such as the predatory marine snail Urosalpinx cinerea (Atlantic Oyster Drill, Carriker,
1955), provide an opportunity to not only apply the bi-gradient framework as outlined above, but
also to apply results to an invasive species of management interest. Urosalpinx is a predator on
oysters in its native range in the Atlantic (Crassostrea virginica) and in its introduced range in the
Pacific (Ostrea edulis), and is responsible for extensive damage to both native and cultured oyster
reefs (Carriker, 1955; Buhle and Ruesink, 2009; Zabin et al., 2019). Using population sensitivity
data obtained by quantifying sublethal and lethal trait variation, managers can focus on mitigating
or eradicating populations that are either close to their upper limits (and thus candidates for local
extirpation), or that stand to benefit from increased warming in the future. Removal of oyster
drills is inefficient and costly, making such physiological studies an important source of
information to select which populations to aggressively manage with limited funds (Buhle et al.,
2005; Zabin et al., 2019).
In my research, I designed and performed experiments that quantified intraspecific
patterns in lethal (chapter 2) and sublethal (chapter 3) trait performance of Urosalpinx sourced
across latitudinal gradients on the Atlantic and Pacific coasts of North America. In chapter 2, I
exposed F1 Urosalpinx acclimated at two different temperatures to a temperature gradient and
quantified population thermal tolerance, as well as the extent of thermal tolerance plasticity
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between populations. Using summer maximum temperatures obtained from near each
population’s collection site, I also quantified population warming tolerance, a metric of
population climate sensitivity to extreme heat events. Finally, I tracked development rate, number
of embryos, and hatching success of F1 Urosalpinx to detect for potential tradeoffs of thermal
tolerance with developmental metrics. In chapter 3, I exposed F1 Urosalpinx to a common garden
experiment of six temperatures for 24 days and quantified adaptive patterns in growth and food
consumption rates using thermal performance curves. In both chapter 2 and 3, I competed
different metrics of site environment against one another in a model-selection framework to
determine what aspects of the environment were most correlated with each trait’s adaptive pattern
across spatial scales. I thereby aimed to demonstrate that different traits are evolved in response
to different aspects of population’s environment. If true, then much more care must be taken
when creating models of species response to climate change. Not only does intraspecific
variability need to be accounted for, but the multiple environmental metrics to which multiple
traits are evolved need to be explicitly included and modeled under future emissions scenarios.
This research contributes to our knowledge of how intraspecific variation will contribute to
varying climate sensitivity and adaptive capacity within a species, and how evolutionary
processes interact with environmental variation to produce spatial patterns in traits.
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CHAPTER 2
2

2.1

DIMINISHED WARMING TOLERANCE AND PLASTICITY IN LOW LATITUDE
POPULATIONS OF A MARINE GASTROPOD

Abstract
Models of species response to climate change often assume that physiological traits are

invariant across populations. Neglecting potential intraspecific variation may overlook the
possibility that populations are more resilient or susceptible than others, creating

inaccurate predictions of climate impacts. In addition, phenotypic plasticity can contribute
to trait variation and may mediate sensitivity to climate. Quantifying such forms of
intraspecific variation and linking to environmental conditions can improve our

understanding of how climate can affect ecologically important species, such as invasive
predators. Here, we quantified thermal performance (tolerance, acclimation capacity,

developmental traits) across seven populations of the predatory marine snail Urosalpinx
cinerea from native Atlantic coast and non-native Pacific coast populations in the United

States. Using common garden experiments, we assessed the effects of source population and
developmental acclimation on thermal tolerance and developmental traits of F1 snails. We
then estimated climate sensitivity by calculating warming tolerance (thermal tolerance –
habitat temperature), using field environmental data. We report that warm-origin

populations had greater thermal tolerance than their cold-origin counterparts. However,

these same warm-origin populations exhibited decreased thermal tolerance when exposed
to environmentally relevant higher acclimation temperatures. Warm-origin populations
also had the greatest climate sensitivity (diminished warming tolerance). In contrast,

invasive populations had the lowest climate sensitivity, indicating these populations are
likely to persist and drive negative impacts on native biodiversity. Developmental rate

significantly increased with habitat temperature of the source population, but had variable
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effects on clutch size and hatching success. Broadly, our results highlight how intraspecific
variation can alter management decisions, as this may clarify whether eradication or

conservation efforts should be focused on many or only a few populations. We demonstrate
that warming can produce population dependent and widely divergent responses within

the same species, contributing to enhanced impacts in the non-native range and extirpation
in the native range.
2.2

Introduction
Understanding the sensitivity of species to climate change is a primary aim of global

change ecology (Calosi et al., 2008; Williams et al., 2008; Bennett et al., 2019). Ecological
forecasts are a suite of modeling tools that can aid conservation practitioners in

determining species sensitivity to climate change by correlating occupied distribution

environment or known physiological limits with predictions of future climate scenarios
(Pearson and Dawson, 2003; Helmuth, 2009; Chown et al., 2010; Cacciapaglia and van

Woesik, 2018). In a conservation and management context, ecological forecasts can be used
to identify species at risk and prioritize efforts and management actions on species and

ecosystems of concern (Tulloch et al., n.d.; Payne et al., 2017). However, these models often
use physiological measures from a single population to infer the capacity of a species to

respond to environmental change (Pearman et al., 2010; D’Amen et al., 2013; Valladares et

al., 2014; Lecocq et al., 2019) and implicitly assume that physiological niches are

homogenous across populations within a species (Peterson, 1999, 2011; Bennett et al.,
2019). However, populations within species often exhibit physiological variation that

reflects heterogeneity in environmental conditions and potential local adaptation (Moran et
al., 2016; Peterson et al., 2019). Ignoring the potential for such locally-adapted variation

greatly risks under- or over-estimating species sensitivity to climate change (Pearman et al.,
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2010; Valladares et al., 2014; Cacciapaglia and van Woesik, 2018). For example, populations

of widely distributed species can differ in thermal tolerance by up to 1.5-3.8°C (e.g., Fangue
et al., 2006; Pereira et al., 2017). In contrast, thermal tolerance may be invariant across a

species range, a pattern that is described as niche conservatism (Lee and Boulding, 2010;

Pearman et al., 2010; Gaitán-Espitia et al., 2017). If populations are niche conserved, then

modeling a species as a single unit is appropriate. However, the management implications

of assuming niche conservatism or local adaptation can be starkly divergent; when

modelled as having homogenous physiology throughout its range, a Porites coral species

was expected to increase its range by 5-6% by 2100, while when modelled as five distinct
populations the range was forecasted to decrease by 50% (Cacciapaglia and van Woesik,

2018). Taken together, these contrasting observations indicate that our understanding of

mechanisms underlying intraspecific thermal tolerance remains incomplete, thus hindering
efforts to accurately forecast and manage species sensitivity to climate change.

Climate sensitivity may also be mediated by phenotypic plasticity. Acclimation is

defined as within generational phenotypic change in response to an altered environment

change and is one type of plasticity that allows an organism to rapidly adjust physiology to
changing environmental conditions (Seebacher et al., 2012; Beaman et al., 2016). For

example, higher acclimation temperatures tend to increase thermal tolerance, primarily due
coordinated molecular adjustments such as increased heat shock protein expression to

maintain or regain homeostasis (Hofmann, 1999; Basu et al., 2002; Guy et al., 2008). Even

though plastic trait expression is caused by environmental exposure, the extent of plasticity
capacity itself can be adapted to local conditions (De Jong, 2005; Valladares et al., 2014).

Under the latitudinal variability hypothesis, high-latitude but non-polar populations should
have higher acclimation capacity in response to seasonally variable temperatures

(Bozinovic et al., 2011; Gunderson and Stillman, 2015; Barria and Bacigalupe, 2017). In
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contrast, tropical and polar species that experience minimal seasonality are expected to
have lower acclimation capacity in response to limited environmental fluctuations

(Tewksbury et al., 2008; Overgaard et al., 2011; Peck et al., 2014). It has also been suggested

that lower plasticity in warm adapted populations may reflect a trade-off between plasticity
and greater overall tolerance (trade-off hypothesis; Stillman, 2003; Magozzi and Calosi,
2015; Sasaki and Dam, 2019; Heerwaarden and Kellermann, 2020). Physiological

acclimation capacity can buffer species’ susceptibility to warming temperatures, and thus it
is important to quantify acclimation to fully assess warming sensitivity (Palumbi et al.,

2014). However, wide variation between species in acclimation capacity means warming
sensitivity will also vary, requiring study on a species-by-species basis to accurately

understand warming sensitivity (Seebacher et al., 2012). Considering the role of plasticity,
in addition to potential local adaptation, are critical to determining organismal
susceptibility to thermal stress (Valladares et al., 2014).

Understanding geographic variation in thermal performance is central to identifying

which populations may be at the greatest risk of extinction. Both across species and

populations, evidence suggests that upper thermal tolerances increase with decreasing
latitude (e.g. Stillman and Somero, 2000; Sgrò et al., 2010; Zippay and Hofmann, 2010;

Sunday et al., 2011; Pereira et al., 2017; Jensen et al., 2019; Sasaki and Dam, 2019).

However, quantifying thermal tolerance alone does not reveal climate sensitivity, as it does
not factor in the ‘environmental distance’ between thermal tolerance and the in situ

temperature regime. It is therefore necessary to integrate habitat temperature with

organismal tolerance. An organism’s ‘warming tolerance’ (WT) quantifies this buffer by

calculating the difference between thermal tolerance and habitat temperature (e.g., mean
annual temperature; Deutsch et al., 2008). In absence of rapid thermal adaptation,

populations at greatest risk of warming are those with diminished warming tolerance
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(Deutsch et al., 2008; Bennett et al., 2019). In populations with invariant thermal limits

(niche conservatism), warming tolerance may be greater at high latitudes, as the difference
between habitat temperature and the conserved thermal tolerance will be large (Figure

2.1A; Bennett et al., 2019). In contrast, low latitude populations would be most sensitive

because of the small difference between habitat temperature and thermal tolerance,

assuming habitat temperatures decrease more or less linearly from the equator to the poles
(Tewksbury et al., 2008; Diamond et al., 2012; Bennett et al., 2019; Pinsky et al., 2019).

However, if thermal tolerance varies across populations (‘compensating’ local adaptation),

warming tolerance may actually be similar across populations, suggesting sensitivity across
the entire species range (if warming tolerance is low) or resilience to changing

temperatures (if warming tolerance is high; Figure 2.1B; Bennett et al., 2019). Finally, local
adaptation in thermal tolerance may exist, but may not track perfectly with habitat

temperature (‘non-compensating’ local adaptation), resulting in greater sensitivity to
climate warming in populations with greater thermal exposure (Figure 2.1C). Thus,

integrating intraspecific measures of physiological performance with environmental data is
a promising approach that can clarify population sensitivity to climate change. For

conservation stakeholders, this integration can better inform whether management needs

to be focused on a few sensitive populations, many populations throughout a species range,
or none.
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Figure 2.1. Conceptual diagram of how thermal tolerance (Tmax) and habitat temperature
(Thab) interact under niche conserved thermal tolerance (A), ‘compensating’ locally adapted
thermal tolerance (B), and ‘non-compensating’ local adaptation (C) to result in differing
expectations of warming tolerance (WT) with latitude. Color shading refers to WT
magnitude, with yellow indicating large WT and red indicating small WT values.
In a management and conservation context, knowledge of physiological

performance can also clarify our understanding of impacts of introduced species under

climate change (Zerebecki and Sorte, 2011; Sorte et al., 2013; Lennox et al., 2015). Greater
thermal tolerance breadths and plasticity are traits that can contribute to the success of

invasive species, particularly in the face of climate change (Chown et al., 2007; Slabber et al.,
2007; Sorte et al., 2010; Zerebecki and Sorte, 2011; Seebacher et al., 2012; Kelley, 2014).

These adaptations may allow invasive species to survive challenging transport conditions

and to rapidly colonize habitats with thermal conditions that differ from their native range
(Diez et al., 2012). These same traits are also predicted to confer climate resilience to

invasive species as habitats experience elevated and increasingly variable temperatures
(Dukes and Mooney, 1999; Stachowicz et al., 2002; Diez et al., 2012; Sorte et al., 2013).

However, forecasting impacts of invasive species under climate warming may be informed
by knowledge of thermal physiology in both the native and introduced ranges because

adaptation in the native range provides the standing genetic material that founds non-

native populations. For invasive populations, thermal tolerance and plasticity may be locally
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adapted to novel environments, even those that are warmer or colder than their native

range environment (Beaumont et al., 2009; Griffith et al., 2014; Tepolt and Somero, 2014;

Wesselmann et al., 2020). Altogether, there exists a range of possible climate sensitivities of

invasive populations that may not be accurately described by native range thermal

physiology. Neglecting the potential for novel trait performance in invasive populations can

decrease the accuracy of ecological forecasts to climate change that are solely based on the
native range (Broennimann et al., 2007; Fitzpatrick et al., 2007; Loo et al., 2007; Beaumont

et al., 2009). Thus, evaluating the range of thermal physiology across native and non-native

populations of single species can shed light on the range of current adaptations within a

species and thus clarify the extent of current sensitivity, as well as the potential for future

evolutionary adaptation to climate change (Beaumont et al., 2009; Henkel et al., 2009; Hill et
al., 2013; Wesselmann et al., 2020).

To address the roles of local adaptation and plasticity in determining thermal

sensitivities across native and invasive ranges, we quantified intraspecific variation in
thermal performance of invasive and native populations of an ecologically important

predatory marine snail (Atlantic oyster drill, Urosalpinx cinerea). We used split-brood

common garden experiments to assess thermal performance of laboratory reared F1

juveniles sourced from native and introduced populations on the Atlantic and Pacific coasts
of the United States, respectively. Our specific objectives were to: 1) determine if variation
in thermal tolerance and developmental traits occurs among native and invasive

populations, 2) quantify plasticity in thermal tolerance and developmental traits by

manipulating temperature during embryonic incubation, and 3) estimate climate sensitivity
of each population using warming tolerance (Deutsch et al., 2008). We hypothesized that 1)

thermal tolerance would increase with environmental temperature suggesting local

adaptation, 2) heightened developmental acclimation would result in greater thermal
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tolerance, and 3) plasticity would be highest in cold origin populations. Our broader goal

was to quantify intraspecific thermal performance across a species’ native and non-native
ranges to determine what populations are likely most sensitive to climate warming, and
therefore identify which populations of Urosalpinx are likely to persist in the long term
without management intervention.
2.3
2.3.1

Methods
Species Selection
We used the snail U. cinerea (hereafter Urosalpinx) as our focal species because of its

limited dispersal that drives a high potential for local adaptation, its wide range across

latitude and thermal regimes, and its tractability in the egg and juvenile life stages (Cheng et
al., 2017). Urosalpinx undergoes direct development, laying benthic egg capsules that each
contain 4-16 embryos that develop for 26-56 days after which they emerge as hatchlings
(Carriker, 1955). Because of this direct development, dispersal and gene flow are likely

limited among populations, suggesting a high potential for local adaptation (Kawecki and

Ebert, 2004). Further, we sampled populations from both the invaded and native ranges of

Urosalpinx with the goal of understanding if trait performance differs between invaded and

native populations under different thermal regimes (Zerebecki and Sorte, 2011). Urosalpinx
is native on the Atlantic coast of North America from south Florida to Massachusetts and

cryptogenic north to Nova Scotia (Fofonoff et al., 2020). In the late 1800s, Urosalpinx was

introduced to multiple locations on the Pacific coast of North America, ranging from San
Francisco Bay north to Puget Sound, via importation of Eastern oysters (Crassostrea

virginica; (Carriker, 1955; Fofonoff et al., 2020). In the introduced range, Urosalpinx can
virtually eliminate native oysters and other native species via predation (Ostrea lurida;
Carriker, 1955; Kimbro et al., 2009; Cheng and Grosholz, 2016).
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2.3.2

Broodstock Collection
We examined physiological performance of F1 offspring in order to ensure a

common garden environment for the entire embryonic and juvenile life phases. This

approach does not fully account for the possibility of maternal or transgenerational effects
but is a reasonable starting point for assessing intraspecific patterns of thermal

performance. To produce F1 offspring for experimentation, we collected broodstock adult
Urosalpinx from seven sites, five from the Atlantic and two from the Pacific that

encompassed a wide range of their latitudinal distribution (Figure 2.2). All collections were

conducted from 15 March - 9 June, 2019. We chose collection sites to be within 15 km of in

situ environmental data loggers (e.g. National Data Buoy Center, National Estuarine Reserve
System, NOAA Ocean Observing System, Table S2.1). At each site, we hand-collected at least

30 adult oyster drills in the extreme low intertidal and subtidal zones from both natural and

artificial substrate, including oyster reefs, pier pilings, and boulders, within a 30-meter

radius. We then transported snails in aerated coolers of seawater from collection sites, kept

cool with ice packs. Water conditions within the coolers were monitored to maintain 100%
dissolved oxygen saturation and temperature within 4° C of collection temperature.

Samples from Humboldt Bay and Tomales Bay were collected in a similar fashion except

that they were overnight mailed in plastic bags with saltwater-moistened paper towels but

without seawater. Snails were kept cool with ice packs and upon arrival were immediately
placed in a holding tank at the University of Massachusetts, Amherst. No mortalities
occurred as a result of collection or shipping.
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Figure 2.2. Urosalpinx cinerea collection sites on the Atlantic and Pacific seaboards of the
United States. Mean SST is an annual composite of 2018 5km data (data source:
NOAA/NESDIS Geo-Polar (Maturi et al., 2017); annual SST composite data from NOAA Coral
Reef Watch 2018 v3.1).
We maintained Urosalpinx in a recirculating seawater system at 12 °C (salinity 30

PSU) until they were needed for experimentation and as other populations were collected.

Populations were kept separate in plastic aquaria with aeration. We fed broodstock

Urosalpinx with blue mussels (Mytilus edulis), acorn barnacles (Semibalanus balanoides),

and eastern oyster flesh (Crassostrea virginica) ad libitum. To initiate egg laying, we raised
the system water temperature by 1°C/day until 20°C was reached and then moved all

broodstock to an identical recirculating seawater system at the Gloucester Marine Station
(UMass Amherst). We performed daily water changes on the broodstock recirculating

system using ambient coastal seawater maintained at 20°C. We also monitored ammonia

levels (API Mars Fishcare, Inc., Chalfont, PA) to ensure levels stayed below 0.25 ppm.
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Ammonia varied between 0-0.25 ppm with one spike to 0.5 ppm caused by overfeeding,

remedied with daily water changes.
2.3.3

Egg Collection and Developmental Acclimation
Our primary goal was to quantify thermal tolerance and plasticity (measured as

developmental acclimation capacity at 20 and 24 °C) across populations. We selected 20°C

to enable comparison with prior work on Urosalpinx (Cheng et al. 2017) and chose 24°C to

represent a warmer temperature that Urosalpinx likely already experiences during summer
and is below a previously recorded juvenile thermal optima (26.5°C; Cheng et al., 2017).

Thus, we hypothesized that an increase in acclimation temperature from 20 to 24 °C would

result in an increase in thermal tolerance. We performed daily inspections for egg cases

from July 5th - 31st, 2019. Mothers typically laid eggs in clusters of 5-8 capsules. In cases

where a mother was discovered laying the egg cluster, we affixed a plastic numbered tag to

the mother with cyanoacrylate glue to track the identity of egg laying mothers. In some

cases, the mother could not be identified, in which case egg clusters that were obviously
separate from others we interpreted as arising from unique mothers (Carriker, 1955).

We collected eggs the day they were laid and incubated them using two methods to

facilitate collection of different data types. For development time, we placed single eggs into
plastic tea strainers (Tops Permabrew, Darien, CT) that were divided in half with nylon

fabric. Each tea strainer therefore held two eggs from a single egg cluster and allowed us to

track time to hatching of individual egg cases. For thermal tolerance, the remaining eggs
were housed in undivided tea strainers (20 - 30 egg cases per strainer) until hatchling

emergence. Both types of strainers were submerged in seawater maintained at 20 or 24 °C

(salinity = 30 PSU), which served as our developmental acclimation for the egg stage. In
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each aquarium, we monitored temperature at least twice daily; temperature within the
aquaria never varied by more than ± 0.4°C for the duration of egg development.

Immediately after hatching, we combined F1 snails from different mothers and of

the same population and acclimation temperature into strainers and fed F1 snails C.

virginica oyster spat ad libitum (3 mm shell height; Muscongus Bay Aquaculture, Bremen,

Maine). F1 snails were housed in strainers between 8 and 16 days still at 20°C or 24°C
before they were placed in the thermal tolerance experiment, and thus acclimation

extended post-hatch.
2.3.4

Thermal Tolerance
We quantified thermal tolerance and developmental acclimation across populations

using LT50 methodology with an aluminum heat bar (Kuo and Sanford, 2009; Cheng et al.,
2017). The heat bar is drilled to accommodate 5 ml centrifuge tubes that can house

individual snails that are then exposed to a gradient of temperatures along the length of the
heat bar. This heat bar was constructed with a solid aluminum block similar to Kuo and
Sanford (2009), but heat was applied with a silicone heating element (Omega SRFGA-

406/2-P 60 watt, Omega Engineering, Norwalk, CT, USA) and adjusted with a proportional

integral derivative (PID) controller (ITC-100, Inkbird, Shenzhen, PRC). Cooling was

maintained by circulating 3-5 °C water through the opposing end of the heat bar. Although

Urosalpinx experiences aerial and aquatic thermal stress, this species is commonly found in
both subtidal and low-intertidal habitats with limited aerial exposure (Carriker, 1955;

Cheng and Grosholz, 2016; Cheng et al., 2017). Thus, we chose to quantify thermal tolerance

in water to avoid the confounding effect of aerial desiccation (Stillman and Somero, 2000).

In heat bar trials, individual snails were placed in 5 ml centrifuge tubes filled with 5

ml of aerated seawater at the same acclimation temperature as the snail. We inserted a 2 x 2
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cm 200 µm nitex mesh square into the tube using a plastic collar so that approximately 0.5
ml of the tube’s water was above the mesh. This prevented the snail from crawling out of
the water, ensured free exchange of oxygen with the water in the tube, and enabled us to

record water temperature without disturbing the snail. We randomly assigned one of the

three possible row positions along the heat bar, so that each population was represented in
a column but in a random row. Thus, we tested up to three different populations from a

single acclimation temperature at a time on the heat bar array (Supplementary Figure S
2.1). Each “run” was defined as a trial with 18-30 snails from a single population and

acclimation temperature. We quantified wet weight of each live snail (Ohaus Pioneer PX

Scale, Ohaus Corporation, Parsippany, NJ) prior to the run to account for age and size

effects, as age and age-linked size can affect thermal tolerance (Nyamukondiwa and

Terblanche, 2009; Truebano et al., 2018). However, there was no evidence that age (as

measured by body mass) predicted thermal tolerance (GLM, F1,871 = 2.59, P = 0.108).

Therefore, we removed body mass as a predictor from our models.

We used the PID controller to control the temperature ramp along the heat bar,

increasing the controller setpoint by 5 °C every 30 minutes in steps from 25 °C to 60 °C for a
total period of four hours. In the final hour, we held the heat bar at 60 °C, so each snail was

exposed to a heat ramp lasting five hours (Table S2.2, Figure S2.2). We measured the

temperature in each column every hour using a thermocouple. We used two protocols in the
ramping rate to determine LT50 in F1 snails to evaluate the effects of different ramping rates

on thermal tolerance (Supplemental Information S2.1). The data is most complete for

protocol 1 and we limit our discussion here to results from this method. After the heat

ramp, we removed the centrifuge tubes from the heat bar and allowed them to recover in

aerated seawater at the appropriate acclimation temperature (20 or 24°C) overnight. After

the recovery period, we evaluated snails for mortality using a stereomicroscope and a probe
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classifying snails that did not retract their foot upon stimulus as dead and those that reacted
as alive (Cheng et al., 2017).
2.3.5

Developmental Metrics
In addition to thermal tolerance, we quantified the effects of temperature on

development across populations by measuring: 1) hatching success, 2) clutch size, and 3)

developmental rate. To assess embryo hatching success over the incubation period, we

counted the number of successfully hatched snails and compared this to the number of

unsuccessful embryos using a microscope (Leica S9i, Leica Microsystems, Inc, Buffalo Grove,
IL. USA). We also counted the number of initial embryos per capsule to evaluate clutch size.
To measure developmental rate of embryos within egg capsules, we noted the lay date of
each capsule within two days of laying and checked egg capsules daily for hatching. We

classified an entire egg capsule as hatched when the first hatchling snail emerged from the

opening at the top of each capsule, allowing hatchlings to crawl freely out of the egg capsule.
2.3.6

Environmental Metrics
While latitude is a commonly used metric of the types of environmental conditions

experienced by a population (e.g. Sunday et al., 2014), we chose to evaluate multiple site

level site environmental temperature metrics as potential predictors of thermal tolerance
and developmental traits because latitude may not be an accurate predictor of local scale

temperatures experienced by organisms (Kuo and Sanford, 2009). Moreover, while latitude

can be a useful predictor that is correlated with environmental conditions, habitat

temperatures can differ at the same latitude based on ocean (Pacific vs. Atlantic) and local
(inner estuary vs. outer estuary) conditions, and is thus another potential direct driver of
environmentally adapted traits (Kuo and Sanford, 2009; Baumann and Conover, 2011;
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Sunday et al., 2011). Thus, we extracted a series of environmental temperature predictors

with the goal of understanding what aspect of habitat temperature (e.g. mean vs. maximum
temperature) best predicted patterns in thermal tolerance. From these temperature data,
we calculated five environmental predictors: 1) mean annual temperature, 2) summer

mean temperature, 3) upper 25th percentile of the summer period, 4) the upper 10th

percentile of the summer period, and 5) the maximum summer temperature (Table S2.4).

We used each environmental predictor by itself in each model to evaluate which predictor

best explained trait performance patterns using model selection, including a null model. We
selected site temperature data based on the completeness of the record in 2018 and the

proximity of the temperature data to the collection site (no more than 15 km; Table S1).

When available, we selected only continuous 2018 temperature records, but the two data

sources from the Pacific only had continuous data from 2015 (Table S1, Figure 2.3).

Summer was classified as between June 1 and September 30.
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Figure 2.3. Sea surface temperature (SST) from sources near broodstock collection sites.
Each time series represents one year of data from January 1 to December 31, 2018 for
comparison of thermal regime across populations. Lines represent the daily mean
temperature at each site. Sites are presented in order of annual mean temperature. See
Table S1 for source list and sampling dates.

2.3.7

Statistical Analysis

2.3.7.1 Thermal Tolerance
To evaluate thermal tolerance across populations we used a two-step approach.

First, we extracted LT50 estimates for each heat bar run using Firth’s bias-reduced logistic
regression (Heinze and Schemper, 2002) due to complete separation of the survival data.

Complete separation occurs when a predictor perfectly discriminates between binomial
states. In our case, survival in each run was consistent up to a certain temperature
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threshold after which all individuals died (Cheng et al. 2017). This lack of variation is

problematic for traditional model estimation, thus necessitating the alternate approach. For
these analyses we used the brglm package in R (Kosmidis 2019) to model the effect of final
heat bar temperature on survival for each population and acclimation temperature
treatment.

Second, as opposed to modeling LT50 as a function of population (e.g. using ANOVA),

we used a regression-based approach using environmental variables from each population

to understand drivers of thermal tolerance over an environmental cline. Once we extracted
the LT50 from each run, we then tested for geographic patterns in thermal tolerance by
pairing each population’s environmental data (Table S2.4) with their extracted LT50

estimates. These environmental data were then used as a suite of predictors, in addition to
the acclimation temperature of each run, in a model-selection framework. We constructed

generalized linear models with gaussian error distributions using this set of environmental

and acclimation predictors, and used small sample adjusted Akaike’s Information Criterion
(AICc) to select models which had the greatest support against a null model. We chose our
cut-off of well-supported models for model selection throughout as ΔAICc < 2 (Burnham

and Anderson, 2002).

We further examined the difference between calculated thermal tolerances (LT50)

and the habitat temperature of each population (hereafter referred to as warming

tolerance; Deutsch et al., 2008). We calculated warming tolerance as WT = LT50 – Thab, with

Thab as the maximum summer temperature. This method accounts for maximum water

temperatures an organism could experience, which is likely to be a selective force across

populations (Kingsolver et al., 2013; Sunday et al., 2014). We calculated separate warming

tolerance estimates using LT50 values from the 20 and 24°C acclimation temperatures to

assess how thermal history may influence thermal sensitivity estimates. While we included
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the two Pacific sites in the data, we did not model an ocean effect because there was no
overlap in Thab values between oceans and due to limited population replication in the
Pacific.

2.3.7.2 Developmental Traits
We used generalized linear mixed models to assess the fixed effects of acclimation

temperature and environmental predictors, and their interaction on developmental traits

(hatching success, clutch size, development time). We included mother as a random effect.

For clutch size, we used a Conway-Maxwell Poisson error distribution because of initial

overdispersion in the data (Chanialidis et al., 2018). For hatching success of snails, we used

a binomial error distribution with logit link function. For development time, we used a

gaussian distribution. For all development analyses, we used environmental predictors as
defined in Table S2.3. For these analyses we used the glmmTMB package (Brooks et al.,

2017). We performed all thermal tolerance and developmental trait statistical analyses in R

(v. 3.5.1, R Core Team, 2018).
2.4
2.4.1

Results
Thermal Tolerance
In total, we conducted 22 independent heat bar runs for seven populations using a

total of 652 juvenile snails under heat bar protocol 1 (Table S2.5). Survivorship in many

runs was completely separated (Figure 2.4).
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Figure 2.4. Survivorship of Urosalpinx hatchlings (survival = 1, mortality = 0) as a function of
final temperature within the heat bar array, separated by acclimation temperature. Model
estimates represent independent heat bar trials. Dotted line represents the threshold for
calculating LT50. Populations are ordered by ascending mean temperature within the native
and non-native (HM and TO) range. Site codes are defined as in Figure 2.1. Points jittered
for visual clarity. See supplemental Figure S5 for a plot of survivorship across protocols.
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The most supported model contained habitat temperature (Thab) as measured by the

maximum summer habitat temperature at each site with an interactive effect with

acclimation temperature (Tacc).When acclimated at 20°C, thermal tolerance increased with
habitat temperature significantly but with high variability (P = 0.0417; Figure 2.5, Table

2.1). When acclimated at 24°C, thermal tolerance decreased significantly with habitat

temperature (P = 0.0352; Figure 2.5, Table 2.1). Urosalpinx acclimated at 20°C and 24°C had
a cross-population mean thermal tolerance of 39.3 ± 0.61 °C and 38.3± 1.22 °C (mean ± SD),

respectively.

Figure 2.5. LT50 estimates of Urosalpinx hatchlings over their habitat maximum summer
temperature and two experimental acclimation temperatures. Thab is the maximum summer
temperature.
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Table 2.1. Parameter estimates for thermal tolerance, warming tolerance, and
developmental rate models. Bold text denotes significance levels of P < 0.05. Multiple and
adjusted R-squared values are presented for model-averaged and single-model GLMs. For
mixed-effect models (developmental rate), the marginal and conditional R-squared values
are given, which estimate model explanatory power between fixed effects and fixed and
random effects combined (Nakagawa and Schielzeth, 2013).
Parameter

Thermal Tolerance
R2 Thab*Acc (multiple/adjusted):
0.429/0.334
Acc20 (Intercept)
Acc24
Thab* Acc20
Thab * Acc24
Warming Tolerance
R2 Thab*Acc (multiple/adjusted):
0.975/0.971
Acc20 (Intercept)
Acc24

Estimate

SE

t/z

P

17.2
1.04
0.956
-0.0454

12.4
0.568
0.436
0.0199

1.39
1.83
2.19
-2.28

0.182
0.0838
0.0417
0.0352

38.0
4.16

1.49
2.27

25.5
1.83

<0.001
0.0838

Thab * Acc20

-0.951

Thab * Acc24

-0.182

Developmental Rate
2
R GLMM (marginal/conditional):
0.949/0.950
Acc20 (Intercept)
Acc24
Thab * Acc20
Thab * Acc24
2.4.2

46.082
-15.297
-0.458
0.278

-17.9

<0.001

-2.28

0.0352

1.791 25.734
1.859 -8.229
0.108 -4.248
0.112
2.486

<0.001
<0.001
<0.001
0.0129

0.0533

0.0797

Warming Tolerance
We found a strong pattern of decreasing warming tolerance with increasing

summer maximum site temperature (P < 0.001; Figure 2.6. Latitudinal and oceanic trends in

warming tolerance (LT50 – Thab), with Thab being the maximum site summer temperatures.
Trendline depicts the significant relationship between warming tolerance and Thab at the

20°C and 24°C acclimations. Note that we include Pacific site data, but omitted ocean as a
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predictor from analysis because of low sample size. Thab is the maximum summer

temperature., Table 2.1). A similar pattern emerged when populations were acclimated at
24°C (P = 0.0352). Pacific populations appeared to have the highest warming tolerance

values. The minimum warming tolerance in the Virginia (“Oyster”) 24°C acclimation (2.03
°C), while the largest warming tolerance occurred with a California (“Humboldt”)
population at 20 °C acclimation (18.4 °C).

Figure 2.6. Latitudinal and oceanic trends in warming tolerance (LT50 – Thab), with Thab being
the maximum site summer temperatures. Trendline depicts the significant relationship
between warming tolerance and Thab at the 20°C and 24°C acclimations. Note that we
include Pacific site data, but omitted ocean as a predictor from analysis because of low
sample size. Thab is the maximum summer temperature.
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2.4.3

Developmental Traits
The hatching time of Urosalpinx eggs decreased with greater habitat

temperature of the source population (P < 0.001) for eggs reared at a common temperature

of 20°C (Figure 2.7, Table 2.1). At 20°C acclimation, the shortest developmental time

occurred in eggs from the southernmost Atlantic site (Folly Beach, 36.5 ± 3.53 days (SD)),

while the greatest development time occurred in the northernmost Atlantic site (Great Bay,

41.8 ± 2.59 days). When acclimated at the higher temperature of 24 °C, hatching time

decreased across all sites (P < 0.001; Figure 2.7, Table 2.1). The shortest development time

at 24°C occurred in North Carolina (Beaufort; 26.8 ± 1.28 days), and despite the significant

negative trend between habitat temperature and time to hatching, the slowest development
rates occurred at both the northernmost and southernmost Atlantic sites (South Carolina;
29.3 ± 0.577 days and New Hampshire; 29.2 ± 1.47 days). Random effects of mother gave

intercept variance of 0.967 ± 0.983 (SD), and little difference between marginal (0.949;

fixed effects only) and conditional (0.950; fixed and random effects) R2GLMM (Nakagawa and
Schielzeth, 2013). Multicollinearity was low (VIF < 2.5) for all well-supported

developmental trait models. Both clutch size and hatching success metrics had multiple
well-supported models, so we model averaged top models of clutch size and hatching

success. None of the best-supported models were overdispersed (deviance < degrees of

freedom).

37

Figure 2.7. Developmental rate of Urosalpinx egg cases when acclimated at 20°C and 24°C.
Thab is the mean annual temperature. Points jittered for visual clarity.

Clutch size showed a significant but highly variable relationship with environmental

predictor parameters (P = 0.0120, maximum summer temperature; Table S2.6, Figure S2.6),
such that warm-origin populations had a larger number of embryos per egg capsule than

their cold-origin counterparts. Hatching success increased with habitat temperature (P =

0.0218, 75th percentile summer temperature), although there was considerable variation

(Table S2.6, Figure S2.6). Elevated acclimation temperature had no effect on hatching

success (Table S2.6, Figure S2.6). The random intercept of mother identity for clutch size

had a variance of 0.0566 ± 0.238 (SD), and each egg capsule’s hatching success had a

variance of 0.379 ± 0.616 (SD). Taken together, the developmental metrics (particularly
developmental rate and hatching success) indicate an increase in performance with
increasing habitat temperature.
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2.5

Discussion
Thermal performance has often historically been assumed to be homogeneous

within species, an assumption that can generate inaccurate forecasts of species response to

climate change if there is adaptive differentiation across populations. There is increasing
recognition that intraspecific variation may be common in the ocean (Kuo and Sanford,

2009; Zippay and Hofmann, 2010; Kelly et al., 2012; Hong and Shurin, 2015; Pereira et al.,
2017; Sasaki and Dam, 2019). However, observations supporting this view are generally

limited, particularly across populations of a species’ native and non-native ranges (but see:

Henkel et al., 2009; Yu et al., 2012; Hill et al., 2013; Tepolt and Somero, 2014; Wesselmann

et al., 2020). Here, we found evidence for greater thermal tolerance in southern populations
of oyster drills that experience higher habitat temperatures, in support of our hypothesis of
local adaptation. However, when developmental acclimation temperature was increased
thermal tolerance decreased in southern populations (2.1-6.4% decrease), contrary to
expectations of greater thermal tolerance with higher acclimation. This implies that

warming during the spring egg laying period can further erode the thermal tolerance of

these populations. Further, we found diminished warming tolerances of southern Atlantic

populations as compared to northern Atlantic (native) and Pacific (non-native) populations,
consistent with the non-compensating local adaptation model of warming tolerance (Figure

2.1C). This result suggests that invasive populations of Urosalpinx are more likely to persist
in a warming future. Urosalpinx has well-documented impacts on native, foundational

species such as Olympia oysters, and therefore will likely continue to drive cascading

negative effects on native biodiversity into the future (Kimbro et al., 2009; Cheng and
Grosholz, 2016).

We found interactive effects of source population environment and acclimation

temperature on thermal tolerance (Figure 2.5). Populations reared at 20°C displayed a
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positive relationship between thermal tolerance and habitat temperature, consistent with
other studies on marine invertebrates (Zippay and Hofmann, 2010; Sunday et al., 2011;
Kelly et al., 2012; Pereira et al., 2017; Sasaki and Dam, 2019). However, higher

developmental acclimation temperature (24°C) resulted in a negative relationship between
habitat temperature and thermal tolerance, or what we define as ‘negative plasticity’. At

first glance, these results are counterintuitive given the tendency of higher acclimation to

result in elevated thermal tolerances (Angilletta Jr., 2009; Pereira et al., 2017; Sasaki and

Dam, 2019). However, evidence of a negative response to higher acclimation temperature
has been demonstrated in nudibranchs (Armstrong et al., 2019) and salmonids (Blair and

Glover, 2019; Del Rio et al., 2019) in both developmental and within stage acclimations,

albeit not between multiple populations. Diminished plasticity in thermal tolerance may

have arisen because of the relationship between acclimation temperature and the onset of
greater organismal stress during development (Bevelhimer and Bennett, 2000; Blair and

Glover, 2019). We used 24°C as the higher acclimation temperature because it is below the
measured thermal optima of juvenile Urosalpinx (26.5°C, Cheng et al., 2017), and we

hypothesized a positive response of thermal tolerance to 24°C acclimation. Additionally,
hatchling survivorship, while invariant with acclimation temperatures in our study, has

previously been shown to peak at 20°C and decrease at 25°C (Ganaros, 1958). Of our sites,
only southern Atlantic sites (Virginia, North Carolina, and South Carolina) currently

experience mean daily temperatures in excess of 24°C in the spring when egg laying occurs,
so it could be that early life sages in these populations are not well adapted to higher

temperatures (Figure 2.3; Carriker, 1955). Interestingly, these southern Atlantic sites
exhibited negative plasticity when incubated at 24°C, suggesting a trade-off between

increased thermal tolerance and reduced plasticity (Stillman, 2003; Armstrong et al., 2019;
van Heerwaarden and Kellermann, 2020). These developmental acclimation effects are
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tested less often, but are important because ocean warming is occurring across seasonal
cycles and can impact early development when many organisms are the most sensitive

(Pechenik, 2006; Marshall and Morgan, 2011). Thermal stress can further accumulate over

time with heightened sublethal temperatures, resulting in reduced survivorship in what has
been described as a tolerance landscape (Rezende et al., 2020). Our results point to the

importance of carefully considering how seasonality of environmental exposure and

ontogeny may affect thermal sensitivity across life stages. This is a critical consideration

when designing experimentation tracking local adaptation across generations, especially
with complex life stage organisms from environments with strong seasonal thermal

fluctuations. Models that predict population persistence using adult thermal optima or

tolerance may overpredict potential ranges by not considering heightened sensitivity of
early life stages and the carry-over effects of warming during development.

Among environmental correlates, maximum habitat temperature best explained

variation in thermal tolerance. Most studies use mean annual temperature in predicting

variation in thermal tolerance, perhaps because these data are readily available and explain
some variation in tolerance (e.g. Deutsch et al., 2008; Hughes et al., 2018). However,

maximum habitat temperature is expected to be the main driver of thermal tolerance both
within and across species (Hoffmann, 2010; Kelley, 2014; Pinsky et al., 2019). Maximum
temperatures should act as a ‘filtering’ agent such that a locally adapted population will

have thermal tolerances selected for from standing genetic variation that allow it to persist
in that environment (Bennett et al., 2019; Pinsky et al., 2019). Local thermal heterogeneity,
driven by processes such as upwelling, tides, and currents also mean that environmental
metrics like latitude or mean temperature are not necessarily correlated with maximum
habitat temperature (Baumann and Doherty, 2013). We found that maximum habitat

temperature consistently drove variation in thermal tolerance spanning native and non-
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native ranges (Figure 2.4). As a result, we suggest future work consider testing

relationships between upper thermal tolerance and maximum habitat temperatures along

with mean temperature and/or latitude. By not directly correlating thermal tolerance with

a major selective environmental force (i.e. maximum habitat temperature), patterns of local
adaptation may be ignored or overstated, potentially wasting resources by managing
populations that are not actually sensitive to climate change.

Diminished warming tolerance at warm-origin sites indicates that southern

populations are closer to their thermal limit than their northern counterparts (Figure 2.6).

Interestingly, this result sets up a third potential pattern of thermal tolerance, habitat

temperature, and warming tolerance (see Figure 2.1). Despite thermal tolerance being

locally adapted, warming tolerance was not constant across populations, indicating that a

third model of warming tolerance (what we call here ‘non-compensating’ local adaptation)

between niche conserved (Figure 2.1A) and locally adapted populations (Figure 2.1B) are

possible. This is likely a result of thermal tolerance not being 1:1 correlated with decreasing
habitat temperature. This decreasing relationship between warming tolerance and habitat
temperature is consistent with studies that have examined intraspecific sensitivity to
climate in crabs, nudibranchs, and leaf miner moths (Gaitán-Espitia et al., 2014;

Pincebourde and Casas, 2015; Armstrong et al., 2019), as well as studies of interspecific

climate sensitivity (Deutsch et al., 2008; Sunday et al., 2011; Allen et al., 2012; Diamond et

al., 2012; Vinagre et al., 2016; Comte and Olden, 2017; Janion-Scheepers et al., 2018). Taken

together, this evidence supports the view that low latitude populations appear to have high
climate sensitivity (Tewksbury et al., 2008; Pinsky et al., 2019). In contrast, temperate

populations have greater warming tolerance despite reduced thermal tolerance because of
exposure to lower environmental temperatures (Deutsch et al., 2008; Janion-Scheepers et
al., 2018). Reduced warming tolerance at the warm edge of a population’s range also
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highlights the potential role of thermal tolerance in driving range contractions at the

trailing edge (Sunday et al., 2012; Cahill et al., 2014; Hardy et al., 2014). Depending on the
management goal for a species exhibiting this pattern of warming tolerance (control for

Urosalpinx, conservation for others), this potential for local extinction and species range
contraction at the warm trailing edge is of critical interest and may call for resource
reallocation away from warm, trailing-edge populations.

We found strong evidence for faster developmental rates for populations sourced

from warm habitats, and higher developmental acclimation at 24°C resulting in overall

faster growth than at 20°C (Figure 2.7). Warm, southern populations grew the fastest at all

acclimation temperatures, as expected by biogeographic theory of embryonic development
rate in marine ectotherms (Lonsdale and Levinton, 1985; Collin, 2003; Weydmann et al.,

2015). Increased development rate at lower latitudes may result from simple increases in
metabolic rate with habitat temperature (Lonsdale and Levinton, 1985), or potentially
because of selection arising from heightened risk of predation in tropical low latitude

systems (Schemske et al., 2009). Interestingly, the fastest development rate occurs at the

acclimation temperature (24°C) and populations (low latitude Atlantic) that had the lowest
thermal tolerance, suggesting potential trade-offs across life stages (Stillman, 2003). While
both were highly variable, hatching success increased with habitat temperature, such that
warm populations develop faster and have higher survivorship, and clutch size decreases
with higher habitat temperature. Therefore, warm-origin populations spawn smaller egg

clutches, which develop quicker, and have a greater chance of developing successfully. As

juveniles, these warm-origin populations show higher thermal tolerance (Figure 2.5), but

only at a lower acclimation temperature. In all, these results indicate the potential for rapid
embryonic development to result in trait performance trade-offs in later life stages as a

result from increased metabolic demand during embryonic growth (Armstrong et al., 2019;
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Del Rio et al., 2019). Our results point to the mechanistic importance of early life stage

experiences on trait performance and tradeoffs in subsequent life stages, and the need for
future research to characterize trait performance and optima across life stages (Pechenik,
2006; Slotsbo et al., 2016).

We found non-native and cold-origin native Urosalpinx populations to be the least

sensitive to climate impacts, suggesting that these populations will persist in their

environments. This is a concern for native biodiversity in their invaded range because near
term warming is likely to increase the predatory impact of Urosalpinx on native species,

including Olympia oysters (Ostrea lurida) that are the focus of conservation and restoration

efforts (Cheng et al., 2017). Further, heightened development rate at greater acclimation

suggests that eggs will develop faster with potentially higher metabolic rates, increasing the
consumption of newly-hatched juveniles on oysters. From a community ecology

perspective, these differing climate sensitivities between Urosalpinx in the native and

introduced ranges demonstrates the potential for indirect impacts of climate change on
native biodiversity. Interactions between Urosalpinx, climate, and humans highlights
“trophic skew”, the reorganization of biological communities with species loss from

extinction and species gain from invasion (Grosholz, 2002; Duffy, 2003; Byrnes et al., 2007).
As marine environments warm, native species will experience both abiotic pressure from
warming as well as pressure from the persistence and proliferation of non-native, warm-

origin predators like Urosalpinx (Cheng and Grosholz, 2016). Early eradication and control
of these resilient non-native predators may assist native species by removing a biotic

pressure as natives adapt or migrate in the face of climate change, thereby potentially

reducing of trophic skewness (Byrnes et al., 2007; Grosholz and Ruiz, 2009; Cheng et al.,

2017) .
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In conclusion, our work demonstrates the importance of taking an intraspecific

approach to examining thermal performance and sensitivity to climate. Such variation can
have large implications for forecasts of species responses to climate change that often
assume homogeneity across populations. We found largely negative effects of

developmental acclimation on thermal tolerance, a crucial consideration given that climate

change occurs across temporal scales (e.g. seasons) and will result in biological effects both

within and across life stages. We also show that integrating environmental data can provide
a more complete picture of population-level sensitivity that may drive geographic range

contractions. Taken together, this approach can be useful for developing an understanding
of climate impacts on populations across their native and introduced ranges. Such a

perspective is useful for clarifying potential interactions between climate and biological
invasions that can erode native biodiversity.
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CHAPTER 3
3

ADAPTIVE DIVERGENCE IN THERMAL PERFORMANCE OF A MARINE SNAIL IS DRIVEN
BY SEASON LENGTH AND SPAWNING MEAN TEMPERATURE
3.1

Abstract
There is increasing recognition that populations within species are often divergent,

exhibiting variation in organismal traits that reflect adaptation to local conditions. Interest in
understanding the environmental mechanisms of such variation has grown because this may shed
light on existing adaptive variation in how species may respond to rapid climate change.
However, the environmental correlates of adaptive variation are not commonly tested, and thus
our mechanistic understanding of how the environment shapes divergent traits remains poor. To
address this problem, we used common garden experiments to quantify thermal performance
(growth and predation) in the ecologically important marine snail Urosalpinx cinerea.
Experiments were conducted with F1 progeny sourced from the Atlantic and the Pacific coasts of
North America which have heterogenous environmental conditions that may drive variation in
thermal performance. Our results reveal a novel pattern of “mixed” trait performance adaptation,
wherein thermal optima were positively correlated with mean temperature (cogradient variation),
whereas maximum trait performance was negatively correlated with season length
(countergradient variation). These results indicate that ‘cool’ origin populations from high
latitudes exhibit higher growth rates at higher thermal optima than ‘warm’ origin populations
from low latitudes. This counterintuitive pattern arises in part because of phenological shifts in
the spawning season that cause high latitude populations to delay spawning until later in the year
when mean temperature is warmer as compared to low latitude populations that spawn earlier in
the year when temperatures are cooler.
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3.2

Introduction
Understanding the potential for organisms to evolve to rapidly changing environmental

conditions is a key challenge to forecasting species vulnerability to climate change (Calosi, Wit,
Thor, & Dupont, 2016; Foo & Byrne, 2016; Munday, Warner, Monro, Pandolfi, & Marshall,
2013). One method for uncovering evolutionary responses to climate change is to quantify
genetic and phenotypic adaptive change using experimental evolution (Hoffmann & Sgro, 2011;
Kawecki et al., 2012; Mitchell & Whitney, 2018). However, such an approach requires tractable
model organisms with rapid generation time (e.g. Drosophila spp.) and may be ill suited for
understanding climate change effects that arise via altered conditions such as prolonged season
length (Bradshaw & Holzapfel, 2008; Calosi et al., 2016; Conover, 1990; Merilä & Hendry,
2014). Alternatively, examining organismal traits across populations within species can reveal
insights into spatial adaptation to varying conditions (De Frenne et al., 2013) and can contribute
to our understanding of how species may respond to ongoing and future climate change ("space
for time substitution"; Blois, Williams, Fitzpatrick, Jackson, & Ferrier, 2013; Peterson, Doak, &
Morris, 2019). Local adaptation of populations along environmental gradients may produce
intraspecific trait variation (Moran, Hartig, & Bell, 2016), which is described as adaptive
divergence if the traits increase fitness (Kawecki & Ebert, 2004; Sanford & Kelly, 2011).
Investigating the potential for such divergence is important because the assumption that
populations are homogenous (“niche conservatism; Pearman, D’Amen, Graham, Thuiller, &
Zimmermann, 2010) can lead to over- or underestimated impacts of climate change (Cacciapaglia
& van Woesik, 2018; Garzón, Alía, Robson, & Zavala, 2011; Peterson et al., 2019; Valladares et
al., 2014). Understanding patterns and mechanisms generating such intraspecific variation in
physiological traits is therefore critical for revealing species’ potential to adapt to climate change.
Locally adapted species may exhibit ‘latitudinal compensation’, wherein high-latitude
populations express elevated physiological rates as compared to low-latitude populations at a
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given temperature (Dehnel, 1955; Levinton, 1983). Latitudinal compensation can arise via four
different models of spatial adaptation. The first model is cogradient variation (CoGV) or ‘thermal
adaptation’, wherein performance rate is highest at the mean temperature a given population
experiences. In this case, a “cool” population exhibits a lower thermal optima (Topt) than a
“warm” population, generating greater physiological rates at low temperatures (Figure 3.1A &
3.1E; Conover & Schultz, 1995; Yamahira & Conover, 2002). In contrast, warm populations
perform best at higher temperatures, but have lower performance than cool populations at cooler
temperatures (Yamahira & Conover, 2002). The second model is countergradient variation
(CnGV), a pattern in which cool populations express higher maximum trait performance (MTP)
than warm populations, but at the same Topt (Figure 3.1B & 3.1F; Conover, Duffy, & Hice, 2009;
Conover & Schultz, 1995; Yamahira & Conover, 2002; Yamahira, Kawajiri, Takeshi, & Irie,
2007). CnGV is hypothesized to be adaptive for cool populations in high latitudes where growing
temperatures occur over much shorter seasonal windows than warm, low latitude populations
(Conover, 1990; Conover & Present, 1990; Yamahira & Conover, 2002). The third and fourth
models incorporate elements of both CoGV and CnGV and are described as “mixed” models.
Under Mixed Model 1, cool populations express higher MTP as in CnGV but lower Topt than
warm populations as in CoGV (Figure 3.1C & 3.1G; Yamahira & Conover, 2002; Yamahira et
al., 2007). Finally, we propose Mixed Model 2, wherein MTP increase in cool populations as in
CnGV, but in contrast, Topt increases in cool populations (Figure 3.1D & 3.1H). One example of
how this unintuitive result can arise is in high latitude populations that have a shifted seasonal
phenology such that development occurs during a later warmer period than lower latitude
populations, and in this respect is in accordance with CoGV (Ståhlberg, Olsson, & Uller, 2001).
This is significant because this environmental driver (development period mean) is not correlated
with the environmental aspects that are commonly used to differentiate thermal performance
along gradient, such as latitude or mean annual temperature. Therefore, while considerable work
has revealed evidence for CoGV and CnGV, our understanding of the explicit environmental
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drivers of these patterns remains poor. These patterns in thermal reaction norm have been
described (Conover et al., 2009; Ståhlberg et al., 2001; Yamahira et al., 2007), yet there remains
great uncertainty in the environmental mechanisms that give rise to these patterns of intraspecific
performance. Understanding how climate change will affect organismal trait performance
requires identifying the environmental metrics driving each adaptive pattern.

Trait Performance

A. Cogradient

B. Countergradient

MTP
Topt

D. Mixed Model 2

C. Mixed Model 1

MTP

MTP

MTP

MTP

MTP

MTP

Topt

Tmax

Topt

Tmax

Topt

Tmax

Tmax

Topt
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Temperature

Temperature
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H. Mixed Model 2

MTP

Topt

MTP

Temperature

G. Mixed Model 1
Topt

F. Countergradient

MTP

E. Cogradient
Topt

Temperature

Temperature
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Figure 3.1. Conceptual models of spatial patterns of thermal reaction norms, illustrated using
thermal performance curves (TPCs, 1A-D) and TPC components (1E-H). Under CoGV (1A and
1E), thermal optima (Topt) increases with temperature whereas maximum trait performance
(MTP) is equal. Under CnGV (1B and 1F), Topt is equal between populations, while the cool
population has higher MTP than the warm population. Under Mixed Model 1 (1C and 1G), Topt
increases with temperature, while MTP is highest in the cool population. Under Mixed Model 2
(1D and 1H), both MTP and Topt are greater in cool populations.
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Incorrect knowledge of which environmental parameters act as the forces of selection can
lead to misinterpretation of trait performance data in predicting organismal response to climate
change. Mean annual temperature (MAT) is a commonly used environmental parameter to
quantify thermal history and explain population trait performance (Crozier & Hutchings, 2014;
Helmuth, 2009; Helmuth, Kingsolver, & Carrington, 2005; Hughes et al., 2019). Although useful
and easy to quantify, MAT may not be the primary mechanistic agent that generates adaptive
divergence among populations (Clusella-Trullas, Blackburn, & Chown, 2011; Helmuth et al.,
2010). For example, variation in thermal tolerance is largely driven by maximum temperature
(Hoffmann, 2010; Kelley, 2014; Pinsky, Eikeset, McCauley, Payne, & Sunday, 2019), and
countergradient variation in growth rate is hypothesized to respond evolutionarily to and
compensate for growing season length at high latitudes (Figure 3.1C &3.1G; Baumann &
Conover, 2011; Bradshaw & Holzapfel, 2008; Conover, 1990; Conover et al., 2009).
Countergradient variation in growth may be further maintained in warm, low latitude populations
because of potential growth tradeoffs with oxygen limitation, fecundity, locomotive ability, and
starvation endurance associated with expressing equally high growth rate for longer growing
seasons in low latitude populations (Cheung et al., 2013; Conover et al., 2009; Fryxell et al.,
2020; Jarrold et al., 2018; Sheridan & Bickford, 2011). While season length is theorized to drive
patterns in maximum growth rate (e.g. MTP) through space, thermal optima have previously been
assumed to evolve in response to MAT (Deutsch et al., 2008; Hughes et al., 2019; Tewksbury,
Huey, & Deutsch, 2008), despite observations that thermal optima are much warmer than mean
temperature in high latitude populations compared to low latitude populations (Amarasekare &
Johnson, 2017; Yamahira et al., 2007). Mean temperature during developmental periods could
provide an alternative mechanism driving patterns of thermal optima across temperature
gradients. For example, frogs at high latitudes develop and hatch later in the season than low
latitude populations, but the mean temperature during these development periods is higher than at
low latitudes because of more rapid warming in late high latitude spring compared to early low
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latitude spring (Laugen, Laurila, & Merilä, 2003; Ståhlberg et al., 2001). Therefore, while thermal
optima in growth might appear to be countergradient to mean temperature, it is cogradient with
the environmental mechanism of mean temperature during juvenile development. Conversely,
similar work in damselflies found mean development temperature to decrease with increasing
latitude even as northern populations displayed countergradient variation, suggesting that our
understanding of the environmental mechanisms behind growth is incomplete and varies between
taxa (Nilsson-Örtman, Stoks, Block, & Johansson, 2012, 2013). Mixed Model 2 (Figure 3.1D &
3.1H) synthesizes these mechanisms and behavior of both MTP and Topt. If true, then the common
assumptions of how maximum trait performance and thermal optima scale across environmental
gradients may be incorrect and yield erroneous predictions of how climate change may affect
organismal performance.
In this study, we examine environmental drivers of adaptive divergence in phenotypic
traits in an ecologically important predatory gastropod. We used common garden experiments to
quantify thermal performance (growth and consumption) of F1 lab reared Atlantic oyster drills
(Urosalpinx cinerea) produced from populations across the Atlantic and Pacific coasts of North
America. Our goals were to 1) quantify patterns of trait performance in latitudinally separated
populations of Urosalpinx cinerea (Figure 3.1), and 2) identify which environmental parameters
best explain spatial patterns of adaptive divergence. We hypothesize that Urosalpinx cinerea trait
performance will evince countergradient variation or a mixed model of trait performance,
suggesting that populations may be selected for slower growth rates or consumption under
climate change, an evolutionary implication that has not been widely considered (Baumann &
Conover, 2011; Sheridan & Bickford, 2011). Further, if growing season length and/or mean
temperature during juvenile development are well-supported mechanisms of spatial patterns in
thermal performance curves (TPCs), then the common assumption of mean temperature
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predicting TPC performance is not always correct and may contribute to incorrect predictions of
species climate response (Schulte, Healy, & Fangue, 2011).

3.3
3.3.1

Methods
Natural History and Environmental Context
Urosalpinx cinerea (hereafter Urosalpinx) is a predatory snail that is native from south

Florida to Nova Scotia and was introduced to the Pacific coast of North America in the late 1800s
via American oyster (Crassostrea virginica) culture (Carriker, 1955; Fofonoff, Ruiz, Steves,
Simkanin, & Carlton, 2020). We quantified patterns of thermal performance from populations
sampled across both the native and introduced coasts because they experience radically different
thermal regimes. For example, while mean temperature and growing season length both decrease
strongly moving south to north along the latitudinal coastal gradient on the Atlantic coast of
North America, the gradient is much weaker and cooler on the Pacific coast (Baumann &
Conover, 2011; Baumann & Doherty, 2013). Marine invasive species, such as Urosalpinx,
provide an excellent opportunity to compare intraspecific TPC behavior across different
environmental gradients (Tepolt & Somero, 2014).
Founder effects have the potential to alter population responses to environmental regime
and/or can confound interpretation of physiological trait data (Barton & Charlesworth, 1984;
Blakeslee, Manousaki, Vasileiadou, & Tepolt, 2020; Santos et al., 2012). Although we cannot
rule out this possibility, we note that the introduction of Urosalpinx to the west coast ended by the
1930s when transcontinental oyster imports ceased (Carlton, 1992; Hoos, Whitman Miller, Ruiz,
Vrijenhoek, & Geller, 2010), giving this species 90 years to evolve under the invasive range
climate regime. Further, it is likely that the size of introduced Urosalpinx populations were quite
sizeable; in San Francisco Bay alone, 1.7 million kg of oysters were transplanted, making it
highly likely that large amounts of Urosalpinx were also transplanted (Hoos et al., 2010). Work
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quantifying the population genetics of another oyster culture “hitchhiker” from the Atlantic to
Pacific, the direct-developing gem clam (Gemma gemma), found strong population structure in
both ranges (Hoos et al., 2010), and is therefore an indicator that Urosalpinx may also exhibit
local adaptation based on similar invasion and life histories. Throughout its range, Urosalpinx is
an important predator of habitat forming native oysters in the Atlantic (Crassostrea virginica) and
Pacific (Ostrea lurida; Carriker, 1955; Cheng & Grosholz, 2016; Kimbro et al., 2009). Because
this species undergoes direct development, dispersal and gene flow are likely limited among
populations, suggesting a high potential for local adaptation and therefore a prime candidate for
quantifying intraspecific trait variation (Kawecki & Ebert, 2004; Villeneuve, Komoroske, &
Cheng, in review).

3.3.2

Broodstock Field Collection
We examined physiological performance of F1 offspring from mothers sourced from

multiple populations of Urosalpinx to evaluate the effects of environmental drivers on local
adaptation. Experiments were conducted on juveniles that experienced controlled environmental
conditions for their entire embryonic and juvenile life until cessation of experiments described
below. To produce F1 offspring for experimentation, we collected Broodstock adult Urosalpinx
from eight sites, six from the Atlantic and two from the Pacific from March 15-June 9, 2019
(Villeneuve et al., in review; Figure 3.2,Table S1). We selected collection sites in the Pacific and
Atlantic to encompass a wide range of their latitudinal distribution and to increase environmental
variation that each population experienced. We collected Urosalpinx from two additional sites
from the Pacific (Coyote Point, CA and Richardson Bay, CA) but these snails did not produce
eggs. At each site, we hand-collected at least 30 adults in the low intertidal to shallow sub-tidal
zone from oyster reefs, pier pilings, and boulders across a sampling area of 300 m2. We
transported Atlantic-collected snails in aerated coolers of seawater from collection sites via car to
a flowing seawater facility at the University of Massachusetts Amherst Gloucester Marine
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Station. Samples from Humboldt Bay and Willapa Bay were collected in a similar fashion except
that they were overnight mailed in plastic bags with saltwater-moistened paper towels. Upon
arrival, snails were immediately placed in a holding tank. No mortalities occurred as a result of
collection or shipping.

Figure 3.2. Urosalpinx collection sites on the Atlantic and Pacific seaboards of the United States.
Mean sea surface temperature is an annual composite of 2018 5 km grid data (data source:
NOAA/NESDIS Geo-Polar (Maturi et al., 2017).

We maintained broodstock Urosalpinx in a recirculating seawater system at the
Gloucester Marine Station at 12 °C (salinity 30 PSU) until needed for experimentation and as
other populations were collected. Once all populations were established in the lab, we raised the
water temperature to 20°C over the course of a week (1°C/day). 20°C was selected as the initial
holding temperature based on previous work in Urosalpinx (Cheng, Komoroske, & Grosholz,
2017). Populations were kept separate in plastic aquaria with aeration. We fed broodstock
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Urosalpinx with blue mussels (Mytilus edulis), acorn barnacles (Semibalanus balanoides), and
eastern oyster flesh (Crassostrea virginica) ad libitum.
Urosalpinx mothers began laying egg capsules on June 6th 2019, with eggs being laid by
4-8 mothers per population. We collected egg capsules laid between June 6th and July 4th, 2019
and kept the egg capsules separated by origin population in labelled tea strainers (Tops
Permabrew, Darien, CT). We maintained eggs at 20°C and 30 PSU and checked strainers daily
for hatchling emergence. We collected hatchlings for use in the common garden experiment
within two days of hatching.

3.3.3

Common Garden Experiment
To test for the impacts of source population and water temperature on Urosalpinx growth

and consumption rates, we used a common garden experiment. We exposed hatchlings from the 8
populations to 6 chronic experimental temperatures (16, 20, 24, 26, 28, and 30°C) chosen to
capture Topt based on past experiments (Cheng et al., 2017). These temperatures are also realistic
when compared to habitat temperature across populations (min-max: 2–33°C). To maintain
experimental temperature, hatchlings were enclosed within individual, labeled tea strainer halves
that were floated within 30L bins of 20L aerated seawater (salinity = 30 PSU), which were in turn
immersed in temperature-controlled water bath seawater tables. These bins served as our
temperature sub-replicates; we used three bins per experimental temperature. We placed nine
snails from each of the eight tested populations in the six temperature treatments, distributing
snails equally across the three replicate bins per temperature treatment (see Figure S3.1). Each
hatchling had a unique identification number to track date of entry into experiment and initial
shell size. Hatchlings snails were supplied ad libitum with 3-5 mm oyster spat (Crassostrea
virginica) per hatchling (Muscongus Bay Aquaculture, Bremen, Maine) for the duration of the
common garden experiment. To ensure ad libitum conditions were met, tea strainers were
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checked every 3-5 days (depending on temperature treatment) and all oysters were inspected
using a stereomicroscope for signs of consumption, indicated by the presence of a drill hole
(Figure. S3.2). During these checks, we replenished prey oysters (see growth rate and
consumption rate below).
We circulated water within each water bath using a series of submersible powerheads to
ensure thermal homogeneity within treatments and checked bath temperature at least twice daily
for the duration of the experiment. Temperatures did not vary by more than ± 0.4°C throughout
the experiment. Every two days we performed an ammonia test (API Mars Fishcare, Inc.,
Chalfont, PA) to ensure ammonia did not rise above 0.25 ppm (mg/L). We changed bin water
with fresh seawater every four days for the duration of the growth experiment with raw seawater
cooled or warmed to the appropriate experimental temperature as needed.

3.3.4

Growth rate and Survival
Growth rate was measured using individual measurements of snail shell height. To obtain

initial shell height of all hatchlings, we digitally photographed each hatchling aperture-down
using a stereomicroscope (Leica s9i and LASX c.3.6.0.20104 software, Leica Microsystems
GmBH, Wetzlar, Germany). With these digital images, we measured shell height from spire tip to
distal siphonal canal using ImageJ v.1.52a photo analysis software (Rasband, 2018; National
Institutes of Health, Bethesda, Maryland). Digital measurement of hatchlings were used to assess
initial height as opposed to using vernier calipers due to the small size of hatchlings (1.55 mm ±
0.202, mean ± SD) and the potential for calipers to damage shells. Once measured, F1 snails were
randomly assigned into common garden temperature treatments. Snail age varied between 1-2
days old when they entered the common garden array and experimental treatments lasted for a
total of 24 days. On the last day of the experiment, we measured shell height with digital calipers
(Mitutoyo 500-196-30, Mitutoyo Corp., Kanagawa, Japan) because of difficulty photographing
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larger, active snails flat for ImageJ calculations. We calibrated the accuracy of caliper
measurements on older snails versus ImageJ measurements by taking digital measurements of a
subset of older snails (n=20) and quantifying the correlation with caliper measurements. Shell
length as measured with calipers and ImageJ were highly correlated (Pearson’s correlation, ρ =
0.93), so we proceeded with using calipers for final shell measurements. Initial snail shell sizes
were significantly different across population (One-way ANOVA, P < 0.001), so we calculated
growth rate as the difference in size from when snails entered the common garden experiment (as
measured using ImageJ) and when the experiment ended after 24 days. We counted snails that
died over the duration of the experiment to quantify survivorship in the common garden
experiment over 24 days, but their final shell size and consumption rates were not used in
analysis.

3.3.5

Consumption rate
In addition to growth rate, we quantified the consumption rate of Urosalpinx, which was

previously shown to give the same Topt as calculated with growth rate in this species (Cheng et al.,
2017). We tracked the consumption rate of F1 snails on days 5, 8, and 11 (with the exception of
16°C snails which were checked on day 13 due to a much slower consumption rate). Using a
stereomicroscope, we counted and recorded consumed oysters, as marked by a drill hole (Figure.
S3.2). Once the number of consumed oysters per snail was recorded, we removed all drilled
oysters and added replacement live oysters, ensuring that enough oysters were added to each
strainer half so that snails would not run out of food. After the third time checking consumption
rate, we provided oysters ad libitum for the rest of the common garden growth experiment due to
experimental time constraints. We recorded instances when we discovered snails to have
consumed all oysters to control for food limitations on growth. We ran a sensitivity analysis
where we removed snails that ran out of food and compared the results to an analysis that
included these snails but found no difference in results. As a result, we kept data from snails who
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ran out of food once. If the snail ran out of oysters during the third timepoint, when we calculated
consumption rate, we did not include that snail in consumption analysis.
At the end of 24 days, all snails had uneaten oysters in their tea strainer. In all, we
recorded three consumption rates for each snail, on days 5, 8, and 11, except for snails at 16°C,
where we checked on days 5, 8, and 13. Because consumption rates change as a function of age
as well as expected effects from temperature and population (Bermudes & Ritar, 2004; Hou et al.,
2008), we chose to only create consumption rate TPCs from a single timepoint to avoid changes
in consumption ate over ontogeny. We only used last timepoint because it would more closely
correlate with consumption rates at the end of the 24 day growth experiment than the other two
timepoints. However, we recognize that consumption rate at day 15 will likely not correlated with
day 24 growth rate, and so we also visualized divergence in consumption over the three
timepoints to test for increasing intraspecific variation over time.

3.3.6

Statistical Analysis
We used a two-step analysis framework to determine the environmental mechanisms

driving growth and consumption rates in Urosalpinx populations in R (R Core Team, 2018). First,
we constructed piecewise regressions using the segmented package for each population to get
thermal performance curves (TPC) in growth and consumption rate for each population across the
six common garden temperatures (Muggeo, 2008). With these piecewise regressions, we can
produce a simplified model of the classic thermal performance curves and extract breakpoint
parameters. We also constructed second-order polynomial (quadratic) models to compare the
efficacy of piecewise and polynomial regressions when describing Urosalpinx TPCs. Second,
from these TPCs, we extracted the X (thermal optima) and Y (maximum trait performance)
components of each population TPC breakpoint and constructed linear models of growth and
consumption breakpoint components as responses to a suite of site environmental predictors.
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Using a model selection framework, we then selected which environmental metrics best
determined spatial patterns in population thermal optima and maximum trait performance
(Clusella-Trullas et al., 2011; Macdonald, Llewelyn, & Phillips, 2018).

3.3.6.1 Environmental Predictors
While latitude is a commonly used metric to capture variation in environmental
conditions experienced by a population (Sunday et al., 2014), evidence suggests different
environmental parameters will drive adaptation amongst different traits (Crozier & Hutchings,
2014; Helmuth et al., 2005). In order to quantify environmental drivers of variation in growth and
consumption rates in Urosalpinx, we quantified eight environmental metrics from each site
(Table S3.2), which we then used in models to explain variation in growth rate and consumption
rate in a model selection framework. We selected site temperature data based on the completeness
of the record and the proximity of the temperature data to the collection site (no more than 15 km;
Table S1, Figure 3.3A). From this temperature data, we calculated nine environmental predictors:
1) mean temperature, 2) summer mean temperature, 3) upper 25th percentile of the summer
period, 4) upper 10th percentile of the summer period, 5) maximum recorded temperature, 6)
season length where daily mean exceeded 10°C, 7) season length where daily mean exceeded
12.5°C, 8) the mean temperature for the first month of spawning, and finally 9) the mean
temperature for the maximum period of spawning (Table S2). We chose a diversity of
environmental metrics that exhibit both collinearity and non-collinearity between latitude and
environment (Figure 3B-D; Table S3). The summer period was classified as the warmest period
for all sites, between June 1 and September 30. We included length of season as a predictor
because theory predicts organisms exposed to shorter growing seasons (i.e. high latitudes) are
selected for faster growth (Bradshaw & Holzapfel, 2008; Conover, 1990; Conover & Present,
1990; Kivelä, Välimäki, Carrasco, Mäenpää, & Oksanen, 2011). We selected two likely lower
temperature limits to calculate season length for Urosalpinx, 10°C and 12.5°C, based on reported
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absolute lower limit for feeding (Hanks, 1957; Stauber, 1950) and a breakpoint in oxygen
consumption rates (Shick, 1972), respectively. We included mean temperature during spawning
periods, as one of our hypotheses of Topt behavior with environment is that high latitude
populations experience warmer spawning periods than do low latitude populations (Ståhlberg et
al., 2001). We determined initial and maximum spawning periods as reported by Carriker (1955)
from the Atlantic and observations from the Pacific (J. L. Ruesink, personal communication,
2020; B. S. Cheng, unpublished data); where no records of spawning periods could be found for a
site, we used the closest neighbor site (Table S4) . These environmental predictors served as our
nine hypotheses of environmental drivers on trait performance.

60

A.

MAT ( °C)

B.

Season Length (10 °C)

C.

Maximum Spawning
Period Mean (°C)

D.

Figure 3.3. Sea surface temperature (SST) from sources near broodstock collection sites (A).
Each time series represents one year of data from January 1 to December 31, 2018 for
comparison of thermal regime across populations. Lines represent the daily mean temperature at
each site. See Table S3.1 for source list. We plot a representative sample of the environmental
trait correlation with latitude, including B) Mean Annual Temperature (P = 0.032, ρ = -0.92), C)
season length in days above 10°C (P = 0.176, ρ = -0.53), and D) the mean temperature of the
maximum spawning period (P = 0.836, ρ = -0.088). Correlation reported as Pearson’s correlation
coefficient (ρ). Full list of environmental metrics tested available in Table S2.
3.3.6.2 Building TPCs, Breakpoint Extraction, and Survival
Exploratory model building with population and common garden temperature increments
as predictors resulted in curved residual distribution for growth and consumption rates, indicative
of non-linear response of growth and consumption rates to common garden temperature. We
constructed a series of linear models for each population, with shell growth rate as the response
variable with gaussian error distributions and number of oysters consumed as the response
variable with negative binomial error distribution and a log offset of duration to arrive at
consumption rate. Initially, we also added the random effect of bin sub-replicate to growth and

61

consumption rate models using the glmmTMB package; however, variance contributed by bin was
low (σ<0.0001), and so we removed these random effects. From these linear models we
constructed piecewise (or broken-stick) and second-order polynomial (quadratic) regressions that
modeled the reaction of each of the eight populations across the six common garden
temperatures. We used the segmented R package to create the piecewise regression models
(Muggeo, 2008). Piecewise regressions were chosen because 1) we are most interested in
modeling the point at which trait performance slope changes rather than trait performance shape,
2) our data does not encapsulate the Tmax-growth or the Tmax-consumption needed to produce most TPC
models (Yeager & Ultsch, 1989), and 3) previous work quantifying Urosalpinx TPCs has shown
their shape closely approximates a piecewise regression (Cheng et al., 2017). Some populations
had second slopes under piecewise TPCs whose slopes were positive, although their confidence
intervals did not place these positive slopes as significantly different than zero (Table S5). As a
result of confidence intervals around the second slope including positive slopes, it is possible that
thermal optima (X breakpoint component) may be higher than indicated by our piecewise models.
Since there were no positive second slopes that were significantly different than zero, it is likely
that the estimates of maximum trait performance (Y breakpoint component) are accurate.
Quadratic regression was selected as another candidate regression method because another
muricid snail (Ocenebra inornate; Cheng et al., 2017) demonstrated a quadratic growth rate
curve. To create quadratic models, growth and consumption rates served as the quadratic
components.
Once both piecewise and quadratic models were produced for growth and consumption
rate, we extracted the X and Y components of the piecewise regression breakpoint and the
quadratic vertex for each population’s TPC (Table S6). The X component of this point represents
the thermal optima (Topt) of a TPC, and the Y component of this point represents the maximum
trait performance (MTP; e.g. fastest growth or consumption rate) of a TPC (Figure 3.4). We then
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performed linear regressions between breakpoints of MTP and Topt of both growth and
consumption rates as calculated using piecewise and quadratic regressions to establish if these
breakpoints differed between both techniques. Quadratic estimations of Topt, but not MTP, were
significantly larger than for thermal optima estimated with piecewise regression for both growth
rate (linear regression, P = 0.0008) and consumption rate (P = 0.007). One of the quadratic
modeled Topt values for growth rate from the Oyster populations was 36.1°C, which exceeds a
previously reported Tmax from the same population (35.6°C; Villeneuve et al., in review).
Piecewise and quadratic model predictions of MTP were not significantly different for both
growth (linear model, P = 0.733) and consumption rates and (P = 0.867). Because of the likely
MTP overestimation by quadratic models, we focus on results from piecewise regressions (see
supplement for quadratic model results; Supplementary Text S1). We constructed generalized
linear models with a binomial error distribution to model the additive effects of population and
common garden temperature on Urosalpinx survivorship in the common garden experiment.

MTP = 4.22

Topt = 24.8

Figure 3.4. Example of breakpoint component extraction from a piecewise regression calculated
using the segmented package for the Woods Hole, MA population. The breakpoint inflection in
the piecewise regression is indicated with a red point; the X and Y coordinates of this point
correspond with this population’s thermal optima (Topt = 24.8 °C) and maximum trait
performance (MTP = 4.22 mm), respectively.
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3.3.6.3 Breakpoint correlation with environmental predictors
We modeled the response of the X (Topt) and Y (MTP) components for each population’s
TPC to a suite of environmental metric predictors (Table S3.2) in a model-selection framework
using generalized linear models with gaussian error distribution. Each environmental predictor
was used only once per model to avoid collinearity issues between predictors (Table S3; Prunier
& Blanchet, 2018). We used Akaike’s Information Criterion (AICc) to select the greatest
supported model containing an environmental metric, with our cutoff of a well-supported model
set as ΔAICc < 2 (Burnham & Anderson, 2002). We interpreted environmental predictors that
were well supported and yielded a significant relationship between environment and Topt or MTP
as likely driving mechanisms for growth or consumption rate local adaptation.

3.4

Results
We found intraspecific variation in trait performance as modeled with piecewise (Figure

3.5) and quadratic models (Figure S3.3) of growth and consumption rates in response to common
garden temperature treatments for each population (Figure S3.4 and Figure S3.5).
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A.

B.

Figure 3.5. Thermal performance (growth rate) of Urosalpinx (A) and the daily log of
consumption rate (B) as a function of six common garden temperatures. Solid lines indicate
native-range populations from the Atlantic, dashed lines indicate invasive-range
populations from the Pacific.
3.4.1

Survivorship

Of the initial 432 juvenile Urosalpinx that entered the common garden experiment, 38
snails died before the end of the common garden trial. Survivorship in the common garden
experiment was not affected by source population (Binomial generalized linear model, P > 0.05).
However, survival was significantly positively correlated with elevated common garden
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temperatures (Binomial generalized linear model, P = 0.00636, Figure S3.7). At 16°C, 84% of
snails survived, while survivorship was maximized at 30°C, where 95% of snails survived.

3.4.2

Growth Rate
Season length 10°C (number of days T > 10°C) was the best supported piecewise model

of maximum trait performance, whereas mean temperature of maximum spawning period was the
best supported model of thermal optima (Table 3.1). The maximum trait performance for shell
growth (linear model, P = 0.018) decreased significantly with increasing season length, indicating
that cold-origin populations grew faster than their warm-origin counterparts (Table 3, Figure 3.6),
which is consistent with countergradient variation. Great Bay, NH, the site with the greatest MTP,
grew 139% faster than the slowest population (Humboldt, CA) over the common garden
experiment duration. For thermal optima, growth was significantly correlated with the maximum
spawning period mean (linear model, P = 0.037), with a general trend of increasing thermal
optima with increasing maximum spawning period mean (Table 3.2, Figure 3.6). Sites which had
higher spawning period temperatures means generally had the highest thermal optima, which is
consistent with cogradient variation. Great Bay, NH, the warmest spawning period, grew at
temperatures 130% greater than the population with the coldest spawning period (Willapa).
Taken together, these thermal performance metrics provide evidence for Mixed Model 2 (Figure
3.1D & 3.1H), a mixture of countergradient and cogradient variation.
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Table 3.1. AIC table of environmental model performance of growth rate maximum trait
performance using piecewise models.

Season Length (10°C)
Season Length (12°C)
Null
Maximum Spawning Mean
Initial Spawning Mean
Mean
Latitude
Summer Mean
90th percentile summer
Maximum
75th percentile summer

Maximum Trait Performance
AICc
K AICc ΔAICc Weight
3 14.39
0
0.47
3 16.43
2.05
0.17
2 16.89
2.50
0.14
3 17.42
3.04
0.1
3 18.52
4.14
0.06
3 20.68
6.30
0.02
3 21.55
7.16
0.01
3 22.45
8.06
0.01
3 22.49
8.1
0.01
3 22.49
8.1
0.01
3 22.49
8.1
0.01

Cumulative
Weight
0.47
0.64
0.78
0.87
0.93
0.95
0.97
0.98
0.98
0.99
1

Likelihood
-1.19
-2.22
-5.24
-2.71
-3.26
-4.34
-4.77
-5.22
-5.24
-5.24
-5.24

0.30
0.54
0.75
0.86
0.9
0.92
0.94
0.96
0.97
0.99
1

-14.88
-15.1
-18.00
-15.91
-17.00
-17.49
-17.57
-17.73
-17.74
-17.91
-17.99

Thermal Optima
Maximum Spawning Mean
Initial Spawning Mean
Null
Season Length (10°C)
Season Length (12°C)
90th percentile summer
75th percentile summer
Maximum
Summer Mean
Mean
Latitude

3
3
2
3
3
3
3
3
3
3
3

41.76
42.2
42.41
43.82
46.00
46.99
47.14
47.47
47.49
47.81
47.99

0
0.44
0.64
2.06
4.23
5.22
5.38
5.7
5.72
6.05
6.22

0.30
0.24
0.22
0.11
0.04
0.02
0.02
0.02
0.02
0.01
0.01
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Table 3.2. Parameter estimates for linear models of extracted maximum trait performance (y) and
thermal optima (x) from piecewise regressions against environmental predictors (see Table S2).
Bold text denotes significance levels of P < 0.05. Asterisks (*) indicate models where top model
under AICc was a null model. R2 is given as multiple/adjusted R2.
Growth Rate
Estimate
MTP
Topt

t value

P

5.79

0.532

10.9

<0.0001

-0.006

0.002

-3.24

0.018

12.1

4.62

2.62

0.040

0.598

0.225

2.67

0.037

Intercept
Season Length (10°C)

SE

Intercept
Mean, Maximum Spawning

R2
(Multiple/Adjusted)
0.637/0.576
0.542/0.465

Consumption Rate
MTP
Topt

1.40

0.510

2.75

0.033

-0.030

0.030

-0.979

0.366

Intercept
Mean*

30.3

5.42

5.60

0.001

-0.181

0.187

-0.968

0.370

Intercept
Maximum*

A. Growth Rate MTP

0.138/-0.006
0.135/-0.009

B. Growth Rate Topt

NH
VA

NH

VA
NC

NC

MA

SC

MA
CA

WA

GA

GA
SC

WA

CA

Figure 3.6. Relationship between growth rate maximum trait performance and season length
above 10°C in Urosalpinx (A) and thermal optima and mean of the maximum spawning period
(B) in Urosalpinx. Black lines represent linear model representation of the significant relationship
between MTP/Topt and habitat. State codes are given next to the performance of respective
populations.
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3.4.2.1 Consumption Rate
Unlike growth rates, mean and maximum temperatures were predictors in the piecewise
models with the highest support for consumption rate MTP and Topt, respectively (Table S9).
Maximum consumption rate was not significantly correlated with mean temperature (linear
model, P = 0.366), and thermal optima for consumption rate was also not significantly correlated
with maximum annual temperature (linear model, P = 0.370; Table 3.2, Figure S3.6). Great Bay
had the highest maximum consumption rate of 1.29 log(oysters/day), compared to the lowest
maximum consumption rate of 0.400 log(oysters/day) in Folly Beach, SC.
Because we were not able to quantify consumption rate for the full duration of the
common garden experiment (24 days), we analyzed consumption rate for divergence over the 1113 days we quantified consumption. Consumption rate tended to increase with time and diverge
for all populations (Figure S3.8). While populations did not diverge significantly by timepoint 3
when we extracted model breakpoints, they were trending towards separation.

3.5

Discussion
While previous research has identified environmental mechanisms of trait performance in

isolation (Conover et al., 2009; Conover & Present, 1990; Ståhlberg et al., 2001), experiments
testing for mechanisms of MTP and Topt have been lacking, especially through the lens of climate
change. Here, we sought to identify the aspects of the environment driving adaptative divergence
among populations of an ecologically important marine predator. We found evidence for MTP to
be maximized in short season length environments (usually high latitude) and Topt to be
maximized in sites with warm spawning periods (also usually high latitude), such that MTP is
countergradient and Topt is cogradient with environment. These two results are indicative of a
novel pattern of mixed variation (Mixed Model 2; Figure 3.1D & 3.1H), wherein high latitude
populations express higher MTP and Topt than low latitude populations. Season length above
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10°C was negatively correlated with MTP, and the mean temperature during each population’s
maximum spawning period was positively correlated with Topt. While other work has
hypothesized the respective environmental drivers of MTP and Topt in isolation among different
species (Conover, 1990; Kivelä et al., 2011; Laugen et al., 2003; Ståhlberg et al., 2001; Yamahira
& Conover, 2002), we provide support for these environmental drivers together in a single
species. While we found no significant trends in consumption rate MTP or Topt when modeled
with best supported environmental predictors, we found evidence for increased population
separation over time. We attribute the lack of significant patterns in consumption rate to
recording consumption during only the first half of the common garden experiment due to
logistical constraints. Therefore, we cannot outright reject the possibility of intraspecific variation
in consumption rate if populations have the potential to become significantly divergent later. Our
results provide novel support for a fourth model of thermal performance curve evolution across
spatial scales, suggesting that the natural history of species can have dramatic effects on the
evolution of traits across environmentally varying gradients.
We found that different environmental features drive different aspects of Urosalpinx
thermal performance growth curves (Sinclair et al., 2016; Vila-Gispert, Moreno-Amich, &
García-Berthou, 2002). Our results agree with previous work hypothesizing season length and
mean spawning temperatures as important environmental mechanisms behind adaptive growth
patterns (Baumann & Conover, 2011; Conover, 1990; Kivelä et al., 2011; Markin & Secor, 2020;
Power & McKinley, 1997; Ståhlberg et al., 2001). This suggests that Urosalpinx in high latitude
environments are selected for rapid growth rates to compensate for a shorter seasonal growth
window to achieve greater body size, and thus higher survival (Anderson, 1988; Vigliola &
Meekan, 2002). In contrast, low latitude populations may evolve lower growth rates to counteract
potential energetic tradeoffs with sustained rapid growth (Baumann & Conover, 2011; Conover et
al., 2009). Mean temperature during the maximum spawning/development period was positively
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correlated with thermal optima, such that high latitude populations had TPCs shifted to higher
thermal optima than low latitude populations. High thermal optima in high latitude populations
with warm spawning periods enables these populations to optimize growth during the short
seasonal growing window (above 10°C; Lynch & Gabriel, 1987; Nilsson-Örtman et al., 2012).
Conversely, lower thermal optima in low latitude populations could also evolve to allow
populations to complete multiple spawning events throughout the year (Conover, 1992; van de
Kerk, Jones Littles, Saucedo, & Lorenzen, 2016; Vila-Gispert et al., 2002). This means
Urosalpinx at high latitudes have evolved to commence spawning in warmer water than low
latitude populations. Because mean temperature during development period is not collinear with
latitude (Figure 3.3D; ρ = -0.088), our results call attention to the importance of testing multiple
environmental metrics beyond MAT that can drive variation in thermal performance (Deutsch et
al., 2008; Hughes et al., 2019; Tewksbury et al., 2008). Alternative commonly used
environmental proxies, such as latitude and MAT, did not correlate with MTP or Topt. This
highlights the importance of organismal natural history, in context with local environment, as
critical considerations when testing for local adaptation. Since we found no differences in
juvenile survival across populations in the common garden experiment, and survivorship
increased with temperature, survival to chronic elevated temperatures is an unlikely tradeoff with
elevated growth rates.
From our results of MTP and Topt adaptation among populations, we found support for the
fourth model of reaction norm evolution in growth rate (Fig 1D &1H), marked by CnGV in
Maximum Trait Performance (MTP) and CoGV in Thermal Optima (Topt). Populations from the
high latitude native range, where season length is the shortest, showed higher maximum growth
rates (MTP). Conversely, populations from the southern native and the invaded range, where
season lengths are the longest, expressed lower maximum growth rates. This pattern itself is
support for countergradient variation (Fig 1B & 1F), wherein environment and genotype are
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opposed to one another (Yamahira & Conover, 2002). Sites where the mean temperature during
spawning was highest yielded populations with the highest thermal optima, such that Topt was
cogradient with environment. These sites tended to be high latitude, but linear correlation only
existed between maximum spawning period mean temperature and Topt, not with latitude and Topt.
If taken in context of latitude, population Topt appears to be countergradient, much like MTP.
However, when placed in the context of each population’s environment and phenology
(specifically mean spawning temperatures), Topt is cogradient – the genotype and environment are
aligned. Our spawning periods metric are based on observations by various sources using
different observation methods and frequencies (Carriker, 1955; J. L. Ruesink, personal
communication, 2020; B. S. Cheng, unpublished data), and future work may benefit from a
standardized methodology to observe development periods across latitude to confirm our results
of increasing Topt with maximum spawning period mean. Altogether, this provides novel support
for a fourth model, Mixed Model 2 (Fig 1D & 1H). While both Mixed Model 1 and 2 have CnGV
MTP and CoGV Topt, Mixed Model 1 assumes that environment and latitude are correlated with
one another, while Mixed Model 2 allows for warmer environmental conditions at high latitude.
Previous research of trait performance between populations of silverside fish on the Pacific
(Atherinops affins) and the Atlantic (Menidia menidia) concluded that the observed adaptive
pattern of CnGV (Fig 1B & 1F) could adapt in responses to MAT as well as season length, since
season length decreased with increasing latitude in the Atlantic but not the Pacific (Baumann &
Conover, 2011). However, we found season length to decrease with increasing latitude across our
two Pacific sites, lending support to season length as a more accurate predictor of CnGV than
MAT. The phenology of important life histories like spawning and development may therefore
have a significant impact on trait performance adaptation by regulating the type of environmental
exposure among populations (Komoroske et al., 2014; Nilsson-Örtman et al., 2013; Ståhlberg et
al., 2001).
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Since food consumption generally increases to compensate for elevated growth rates at
higher temperatures (Iles, 2014), and previous work in Urosalpinx found growth rate and
consumption rate to have the same Topt (Cheng et al., 2017), we predicted consumption rate
would follow similar adaptive patterns as growth rate. Despite this, we did not find conclusive
evidence for an adaptive pattern of consumption rate with environment. However, the increasing
separation of consumption TPCs among populations by day 11-13 indicates that a pattern may
arise after a greater duration of exposure to temperature manipulations. Unfortunately, we were
unable to quantify consumption rate when final growth measurements were recorded due to
logistical constraints. Alternatively, previous work on silverside fish also found insignificant
variation in consumption rate between populations while also finding CnGV in growth rate
(Baumann & Conover, 2011). If consumption rate does not contribute to population
differentiation in growth rate, then low growth rate populations may allocate energy obtained
through consumption away from growth and to maximizing other traits like fecundity, locomotive
ability, and starvation endurance while high growth rate populations direct more resources to
growth (Conover et al., 2009; Jarrold et al., 2018). This fits the theory that high latitude, short
season length populations tradeoff high growth rate with other fitness traits (Conover et al., 2009;
Hong & Shurin, 2015).
Populations whose ranges extend across environmental gradients, particularly multiple
gradients of varying seasonality, provide an excellent opportunity to forecast future trait evolution
in response to climate change (Peterson et al., 2019). Using this “space for time” approach, we
can look to populations adapted to warm environments to infer the evolutionary trajectory of trait
adaptation in cool populations (Blois et al., 2013). While climate change will certainly alter mean
annual temperatures, it is necessary to consider how other aspects of the environment will affect
the physiology, phenology, and evolution of organisms. As season lengths expand in both the
Pacific and the Atlantic, MTP may evolve towards lower growth rates, such that high latitude
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Atlantic Urosalpinx TPCs may resemble current low latitude Atlantic population TPCs (Baumann
& Conover, 2011; Baumann & Doherty, 2013). Further, coastal latitudinal gradients in both the
Pacific and the southern Atlantic are weakening, indicating that populations may display
convergent growth performance under climate change (Baumann & Doherty, 2013). While
reduced body size is one well-documented result of climate change (Audzijonyte et al., 2020;
Fryxell et al., 2020; Pauly & Cheung, 2018; Sheridan & Bickford, 2011), our results of the
adaptive growth rate patterns in Urosalpinx highlight the potential for evolutionary forces to drive
slower growth rates which may contribute to patterns of diminished body size.
Average environmental conditions (e.g. MAT) have been widely emphasized in the
interpretation of intraspecific adaptation, particularly in the context of TPCs (Crozier &
Hutchings, 2014; Deutsch et al., 2008; Hughes et al., 2019). While an accessible metric, this
approach fails to consider the evidence for different aspects of the environment driving different
trait TPCs (Clusella-Trullas et al., 2011; Helmuth et al., 2010; Schulte et al., 2011; Sinclair et al.,
2016). Here, we show that for a single trait in Urosalpinx (growth rate), different aspects of the
TPC are correlated with different environmental traits (season length and temperature during
development). Thermal tolerance in Urosalpinx is even correlated with a third environmental
aspect, maximum summer temperature (Villeneuve et al., in review). These results provide an
important insight: that different traits and different components of trait TPCs can all be evolved to
different aspects of the environment. To accurately predict the relative effects of climate change
on species, there is a clear need to quantify multiple environmental mechanisms of physiology
(Denny & Helmuth, 2009; Helmuth et al., 2010). If different environmental aspects affect
different trait TPCs and their components, then knowing the relative impacts of climate change
on organisms requires not just knowing future MAT, but also how physiologically relevant
environmental parameters will change. This is an important consideration as TPCs are
increasingly integrated into predictions of species distributions under climate change, an
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important step towards predicting species response to climate change (Angert, Sheth, & Paul,
2011; Gamliel et al., 2020; Schulte et al., 2011; Talluto et al., 2016). Some species distribution
and performance models accomplish this through applying trait performance to predictions of
MAT (Deutsch et al., 2008; Fey et al., 2019; Rodríguez, García, Carreño, & Martínez, 2019) and
seasonal variability (Angert et al., 2011; Franco et al., 2018; Gamliel et al., 2020; Nilsson-Örtman
et al., 2013; Vasseur et al., 2014) under different emissions scenarios. While Wilson, Skinner, &
Lotze (2019) follow a promising species-distribution approach informed by environmental
mechanism, they do so between species without accounting for intraspecific variation, thus
ignoring the potential for local adaptation. Indeed, few predictive models use intraspecific
variation in physiology to predict future performance and distribution (e.g. Fey et al., 2019;
Franco et al., 2018). In all cases, TPC-based prediction is only as good as the assumptions of
future climate (Sinclair et al., 2016). Therefore, such models can be further improved by carefully
considering the environmental mechanisms behind trait and TPC component adaptation. In the
case of Urosalpinx, where season length and mean temperature during maximum spawning drove
TPC adaptation, these environmental metrics would have to be explicitly modeled under future
conditions to produce an accurate prediction of Urosalpinx performance (Clusella-Trullas et al.,
2011). Intriguingly, climate change may cause divergent effects on TPC evolution under the
observed Mixed Model 2 in Urosalpinx. For example, high latitude populations will experience
expanding season length, potentially driving adaptation to lower MTP. If Urosalpinx spawning
periods track with increasing season length to earlier spawning periods, then mean temperature
during spawning should also decrease, driving adaptation to lower Topt. Such scenarios can only
be investigated if the role of different aspects of the environment are quantified for traits of
interest.
Our work supports several potential directions of inquiry: 1) correlate the mechanistic
aspects of the environment driving population adaptation in key species and taxa, 2) perform
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translocation and/or mesocosm experiments using these metrics to demonstrate trait evolution in
response, 3) model these environmental metrics under climate change, and 4) predict future
distribution and performance using environment and physiology-informed models. Future work
must therefore occur at the nexus of phenology, natural history, physiology, and climate.
Together, these will provide a strong framework for increasing the accuracy of TPCs and their
predictive potential of performance to climate change.
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CHAPTER 4
4

CONCLUSION

In this research project, I quantified intraspecific variation in lethal traits (thermal
tolerance, chapter 2), climate sensitivity (warming tolerance, chapter 2) and sublethal traits
(growth and consumption rate, chapter 3) in populations of the marine snail Urosalpinx cinerea
across latitudinal gradients on the Atlantic and Pacific coasts of North America. Following my
original expectation of locally adapted populations, I found evidence for intraspecific variation in
both lethal and sublethal traits across populations. Together, these results account for variation in
multiple dimensions of Urosalpinx population performance at both mean and extreme
environmental conditions.
In chapter 2, I show that thermal tolerance is maximized in populations with the highest
summer maximum temperatures in a pattern of cogradient variation. However, these same
populations showed negative plasticity with warming, so that thermal tolerance decreases in
populations with the hottest summers when juveniles are raised at warmer temperature. This
negative response in thermal tolerance may be attributed to the accumulation of thermal stress
during development (Pechenik, 2006; Marshall and Morgan, 2011) and the temperature at which
these warmest summer populations have evolved to develop in. From my results in chapter 3, I
found evidence for a novel pattern of trait performance (Mixed Model 2), wherein MTP is
countergradient and Topt is cogradient to environment. The significant difference, however,
between Mixed Model 2 and Mixed Model 1 (Yamahira and Conover, 2002) is that environment
itself is countergradient to latitude in Mixed Model 2. This pattern is supported by the result of
mean temperature during spawning, which is countergradient to latitude, being the best supported
environmental mechanism of Topt through space. Low latitude populations spawned early in the
spring and at low temperatures, while high latitude populations also spawned much later and at
warmer temperatures. Spawning phenology in Urosalpinx is likely adapted in low latitudes to
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allow for multiple spawning events throughout the year, while at high latitude spawning occurs
after water temperature has warmed enough to maximize growth rates during the short growing
season (Conover, 1992; Vila-Gispert et al., 2002; van de Kerk et al., 2016). Thus, the decrease in
thermal tolerance in populations with hot summers in response to a moderate increase in
acclimation temperature reflects juveniles adapted to much colder temperatures than this
moderate acclimation temperature. This demonstrates one of the significant findings of my
research: it is incorrect to assume low latitude populations are adapted to perform best at warmer
temperatures than high latitude populations.
When I assessed the environmental drivers of patterns in maximum trait performance and
thermal optima, I found evidence for a novel pattern of thermal trait adaptation – Mixed Model 2.
Under this pattern, high latitude populations demonstrate the highest maximum growth and
thermal optima than their low latitude counterparts. Significantly, I found thermal optima to be
correlated to the mean temperature during spawning. These environmental drivers of maximum
trait performance and thermal optima have been theorized, but not directly tested against other
potential environmental drivers (Conover and Present, 1990, p. 199; Ståhlberg et al., 2001;
Bradshaw and Holzapfel, 2008; Baumann and Conover, 2011). Here, I correlate these
environmental drivers for both maximum trait performance and thermal optima in a single
species. Performing these tests of environmental drivers of adaptation in a single species is
important, because of the species-specific natural history and phenology, which can drive trait
adaptation among populations. Further, climate change will not act homogenously on temperature
throughout the year and across spatial scales, so that these diverse environmental metrics may all
respond differently to climate change.
One of the main goals of this research was to establish the impacts of ongoing climate
change on Urosalpinx populations. In chapter 2, I quantified warming tolerance as a useful metric
of population climate sensitivity. Despite the tendency for thermal tolerance to be highest in low
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latitude populations, these populations were dramatically closer to maximum experienced
summer temperatures than more temperate populations in a pattern of non-compensating local
adaptation. This agrees with general theory that low-latitude populations and species are the most
sensitive to extreme heat events, and thus extirpation/extinction (Deutsch et al., 2008; Sunday et
al., 2011; Gaitán-Espitia et al., 2017; Armstrong et al., 2019). Conversely, high latitude
populations (specifically, those with low summer maxima) are the most buffered from extreme
heat events. Thermal tolerance results from chapter 2 provide insight into the fate of range edge
populations, but chapter 3’s thermal performance curve results reveal which populations will
experience increases or decreases in performance due to climate change. Under the space for time
substitution theory (Bozinovic et al., 2011; Blois et al., 2013), the performance of high latitude
populations in the future can be inferred by looking to low latitude populations, where current
climate conditions will replicate future high latitude conditions. It can be expected that high
latitude populations will experience reduced growth rates at lower thermal optima. However,
using this inference method fails to account for how thermal performance curves in Urosalpinx
growth rates are adapted to their environment. Because season length (mechanism of MTP) and
mean temperature during spawning (mechanism of Topt) will increase due to climate change, it is
possible that MTP will decrease. If Urosalpinx adapts spawning periods to track with increasing
season length, then we might expect Topt to decrease in concert with MTP. Thus, high latitude
populations will grow slower but at warmer temperatures, a possibility not predicted by simple
space-for-time substitution. Pulling these together, low latitude populations in the native range
will likely experience range contraction or extirpation as heat wave events become more severe.
These populations will also continue to experience thermal stress as spawning periods warm,
potentially leading to decreases in growth rate and concomitant increases in growth optima.
Conversely, high latitude native populations will likely persist because of large warming
tolerance values, while also experiencing decreases in growth rate and growth optima. Introduced
populations are posed to perform the best of all populations and will likely persist due to large
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warming tolerances. In all populations, the potential for evolution of trait performance should
lead to adaptive change, with only southern Urosalpinx populations experiencing conditions
which may cause range contraction.

4.1

Future work
My research calls for a more widespread use and appreciation of the importance of

intraspecific variation and the effects of phenology and natural history on trait adaptation across
spatial scales. Future work should perform mesocosm experiments with varying environmental
characteristics (i.e. varying season length, maximum temperatures, etc.) or translocation
experiments over multiple generations to mechanistically, as opposed to correlatively, show what
environmental mechanisms drive adaptation. Given the species-specific phenology driving
patterns of adaptation, I also demonstrate that more basic physiological assays need to be
undertaken across diverse species and their component populations. These results further
demonstrate that the environmental mechanisms behind different trait adaptations are varied and
not always correlated or even aligned with the commonly used metric mean annual temperature.
Thus, models of climate change effects in the ocean will need to not just forecast mean
temperature, but also other aspects of the environment to which the environment is evolved,
including season length, mean temperature during spawning, and maximum temperature. My
research supports the creation of species-specific forecasts of organismal response to climate
change as a necessity for accurate predictions of ecosystem responses. In creating these forecasts
and gathering the necessary basic physiological, phenological, and climatic data, future studies
can work towards a unified and macroecological understanding of how intraspecific trait
adaptation evolves across spatial scales.
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Table S2.1. Collection sites and environmental data sources of broodstock Urosalpinx cinerea
used in experimentation.
Atlantic
Site

Code

State

Temperature Data
Source

Year

2018

43.107

-70.863

1.94

Lat

Lon

Dist. from
site (km)

Great Bay

GB

NH

Jackson Estuarine Lab
(University of New
Hampshire) and NERR
(station grbulbwq)

Woods Hole

WH

MA

NOAA NDBC (station
BZBM3)

2018

41.524

-70.671

6.41

2018

37.289

-75.923

0.02

Oyster

OY

VA

Virginia Coast Reserve
LTER (station OYST;
Porter et al., 2019)

Beaufort

BF

NC

NOAA NDBC (station
BFTN7)

2018

34.717

-76.671

0.10

Folly Beach

FB

SC

NOAA NDBC (station
CHTS1)

2018

32.781

-79.924

13.47

Pacific
Site

Code

State

Temperature Data
Source

Year

Humboldt

HM

CA

CeNCOOS/Wiyot Tribe
(station Indian Island)

2015

40.815

-124.158

7.27

CA

Grozholz and Largier
Labs; Bodega Ocean
Observation Node
(BOON), Bodega
Marine Laboratory,
University of California,
Davis (Hollarsmith et
al., 2020)3

2015

38.118

-122.867

1.15

Tomales

TO
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Lat

Lon

Dist. from
site (km)

Figure S2.1. Illustration of experimental heat bar array to test LT50 in Urosalpinx cinerea.
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S2.1. Heat bar ramping rates using two ramping protocols
Methods
We developed two different heat bar ramping protocols to determine sensitivity of
thermal tolerance to ramping rates. Prot1 had a larger temperature gap between positions (up to
1.5°C) near Urosalpinx thermal tolerances, and so we used Prot2 to create a smaller temperature
gap between positions. Prot1 and Prot2 shared the same controller ramping rate as displayed in
Table S22, with Prot1 using ice to cool down the water bath (5°C) and Prot2 only using a roomtemperature water bath (21°C). In protocol 2, ice was added at time 0, 1, and 2 hours. Therefore,
final temperatures after the 5 hours in each column position were different between Prot1 and
Prot2 (Figure S2.3). In addition, more time was spent above Urosalpinx Topt (26.5°C, Cheng et al.,
2017) in Prot2 heatbar positions compared to Prot1, and the rate of temperature change was higher
in Prot2 compared to Prot1 (Figure S2.4). Ramping rate varied throughout the heat bar, from a
mean of 0.60 ± 0.32°C/hr (SD) to 7.46 ± 0.13°C/hr per heat bar column.
We examined the effect of heat bar protocol on the relationship between LT50 and Thab
using generalized linear models with gaussian error structure. Three models were well supported
under AIC, and after finding low multicollinearity (VIF<2.5), we proceeded with model
averaging.
Results
The three best-supported models showed protocol 1 had significantly higher LT50
estimates then protocol 2 (P < 0.0001), but environmental metrics had no effect on LT50 estimates
(P > 0.05; Table S2.6, Figure S5). The mean LT50 estimates between Prot1 and Prot2 were 39.3 ±
0.604 °C and 37.7 ± 0.432 °C, respectively (mean ± SD).
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Table S2.2. Ramping setpoints used in Prot1 and Prot2 heat bar experiments. Time reflects the
timepoint within the context of a 5 hour heat bar experiment.
Time
(hrs)

Prot1 & Prot2
setpoints (°C)

Prot1 Ice in

0

ambient

Yes

0.5

25

No

1

30

Yes

1.5

35

No

2

40

Yes

2.5

45

No

3

50

No

3.5

55

No

4

60

No

4.5

60

No

5

end

end
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Figure S2.3. Heat bar ramp of protocol 1 and protocol 2. Each line represents the temperature
trajectory through time of a single horizontal position in the heat bar. Ramps are from three
selected heat bar runs on 8/21, 8/28, and 9/11/19.
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Figure S2.4. Plots showing time spent above Urosalpinx’s Topt (26.5°C, Cheng et al. 2017, fig
4A) and the mean rate of temperature change (B) under the two heat bar protocols. Both time
above Topt and mean rate of temperature change are means of all heat bar runs (n=29). Heat bar
positions between 9-17 in protocol 1 spent less then an hour above Topt and are thus not shown on
this plot. Rate calculated as the difference in temperature between hour 5 and hour 2, divided by
elapsed time.
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Figure S2.5. LT50 trend of Urosalpinx hatchlings over their home site 75th summer SST percentile
and two experimental heat bar protocols. Ocean source is displayed, but was not a parameter in
any best-fit models under AIC.
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Table S2.3. Model-averaged parameter estimates comparing LT50 values between two heat bar
protocols. Three models with different environmental predictors were included in the model
averaging. Bold text denotes significance levels of P < 0.05.
Parameter
(Intercept)
Protocol
75th Percentile Summer SST
90th percentile Summer SST

Estimate
38.9
-1.63
0.0343
0.0340

SE
0.691
0.256
0.0292
0.0300
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Adjusted SE
0.722
0.274
0.0313
0.0321

z

P
53.9
5.96
1.095
1.059

<0.001
<0.001
0.274
0.290

Table S2.4. Site environmental metrics used as predictors.
Site

Latitude

Annual
Mean
(°C)

Summer
Mean
(°C)

75th
Percentile,
Summer
(°C)

90th
Percentile,
Summer
(°C)

Maximum
Summer
(°C)

Great Bay, NH

43.107

12.40

20.89

22.91

23.70

25.96

Woods Hole, MA

41.524

12.10

21.35

23.60

24.30

26.00

Oyster, VA

37.289

17.08

27.54

28.92

30.07

33.57

Beaufort, NC

34.717

19.74

28.28

29.10

29.80

31.00

Folly Beach, SC

32.781

20.35

29.12

29.80

30.00

31.30

Humboldt, CA

40.815

14.43

17.36

18.77

19.78

21.80

Tomales, CA

38.128

17.91

20.92

22.15

22.71

24.12
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Table S2.5. Summary of heat bar run data, indicating the total number of extracted data points for
each trial run.

Site
FB
FB
FB
BF
BF
BF
OY
OY
OY
WH
WH
WH
GB
GB
GB
TO
TO
TO
HM
HM
HM

Acclimation
20
24
20
20
24
20
20
24
20
20
24
20
20
24
20
20
24
20
20
24
20

N
(individual
Number
Protocol of Runs
snails)
1
2
60
1
1
30
2
1
30
1
2
60
1
2
60
2
1
30
1
2
60
1
2
60
2
1
27
1
2
60
1
0
0
2
1
23
1
2
60
1
0
0
2
1
21
1
2
58
1
1
30
2
0
0
1
2
60
1
2
54
2
2
38
Total
29
821
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Figure S2.5. Survivorship of Urosalpinx hatchlings (survival = 1, mortality = 0) as a function of
final temperature within the heat bar array, separated by acclimation temperature and protocol.
Dotted line represents the threshold for calculating LT50. Lines are the models of survival, as
calculated using brglm R package and a binomial error distribution (see main text for more
details). Points jittered for clarity.
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Figure S2.6. Clutch size (number of capsules) and hatching success (proportion successfully
developed embryos) over summer maximum temperatures and 75th percentile SST of summer
months, respectively. Points are jittered for clarity. Regression lines represent a best-fit model of
the data.
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Table S2.6. Conditional model-averaged coefficients of Urosalpinx hatchling clutch size and
hatching success All models fell below cutoff of ΔAIC < 2. R2GLMM , or marginal/conditional R2 ,
estimates model explanatory power of the fixed effects and fixed and conditional effects
combined (fixed/fixed + conditional; Nakagawa & Schielzeth, 2013).
Parameter

Estimate

SE

Adjusted
SE

z

P

R2GLMM

Clutch Size
(Intercept)
Maximum summer
90th percentile
summer
75th percentile
summer
Summer mean
Hatching Success
(Intercept)
75th percentile
summer
Summer mean
90th percentile
summer
*Acc24

3.28
-0.0316

0.340
0.0124

0.345
0.0126

0.51
2.51

<0.0001
0.0120

0.066/0.279

-0.0301

0.0128

0.0130

2.37

0.0177

0.062/0.280

-0.0289

0.0127

0.0129

2.24

0.0254

0.056/0.280

-0.0261

0.0120

0.0122

2.14

0.0324

0.052/0.280

-0.375

1.86

1.87

0.201

0.841

-

0.0796

0.0342

0.0347

2.29

0.0218

0.0742

0.0322

0.0327

2.27

0.0232

0.0782

0.0351

0.0356

2.2

0.028

-0.145

0.145

0.147

0.987

0.324

-

Latitude
Maximum

-0.0869
0.0649

0.0453
0.0354

0.0459
0.0360

1.89
1.81

0.0583
0.0710

0.0157/0.0924
0.0141/0.0928
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0.0210/0.0926
0.0208/0.0928
0.0197/0.0929
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Supplementary Text S3.1
Quadratic results
Growth Rate
We found initial spawning period mean to be best supported by AICc under quadratic models of
growth rate MTP and Topt, differing from the environmental parameters explaining piecewise
patterns in growth rate MTP (Table S3.7). The relationship between both MTP and Topt and initial
spawning period mean were significant (Linear model, P = 0.017 and P = 0.002, respectively;
Table S3.7). However, given the overcalculation of Topt using quadratic methods (see Methods),
we view this result with caution.
Consumption Rate
When maximum consumption rate and thermal optima were calculated using quadratic models,
we still found no significant relationship between maximum consumption rate and initial
spawning period mean (linear model, P = 0.631) and thermal optima and maximum spawning
period mean (linear model P = 0.0.387; Table S8 and Table S10).
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GB

WH

OY

BF

FB

SK

WP

HM

Woods Hole

Oyster

Beaufort

Folly Beach

95

Skidaway

Willapa

Humboldt

CA

WA

GA

SC

NC

VA

MA

NH

Code State

Great Bay

Site

40.85

46.414

31.99

32.66

34.718

37.288

41.577

43.089

-124.09

-123.94

-81.022

-79.943

-76.671

-75.924

-70.641

-70.866

Site
Site
Latitude Longitude

2018

2014

2015, 2016

2015

NOAA NDBC (station CHTS1)

Skidaway Institute of Oceanography
(Savidge et al., 2017)
Pacific Shellfish Institute/Pacific Coast
Shellfish Growers Association, Nahcotta
Port Hatchery Mooring
CeNCOOS/Wiyot Tribe (station Indian
Island)

2018

2018

Virginia Coast Reserve LTER (station
OYST; Porter et al., 2019))

NOAA NDBC (station BFTN7)

2018

2018

Year

NOAA NDBC (station BZBM3)

Jackson Estuarine Lab (University of New
Hampshire) and NERR (station grbulbwq)

Temperature Data Source

40.815

46.501

31.97

32.781

34.717

37.289

41.524

43.107

Source
Latitude

-124.158

-124.03

-81.02

-79.924

-76.671

-75.923

-70.671

-70.863

Source
Longitude

7.27

12.06

2.2

13.47

0.1

0.02

6.41

1.94

Distance
(km)

Table S3.1. Collection sites of broodstock Urosalpinx cinerea used in experimentation. Distance
is the linear distance of temperature data sources from Urosalpinx collection sites.

96
31.99
46.501

40.815

Willapa, WA WP

Humboldt,
HM
CA

34.717

Beaufort, NC BF

Skidaway, GA SK

37.289

Oyster, VA OY

32.781

41.524

Woods Hole,
WH
MA

Folly Beach,
FB
SC

43.107

14.4

13.9

21.5

20.4

19.7

17.1

12.1

12.4

17.36

18.74

29.36

29.12

28.28

27.54

21.35

20.89

Mean Summer
Latitude
(°C) Mean (°C)

Great Bay,
GB
NH

Site
Site
Code

18.77

19.81

30.26

29.8

29.1

28.92

23.6

22.91

19.78

20.44

30.98

30

29.8

30.07

24.3

23.7

75th
90th
Percentile,
Percentile,
Summer (°C) Summer (°C)

21.8

26.49

33.48

31.3

31

33.57

26

25.96

268

215

314

290

280

225

176

166

348

285

348

310

330

250

187

179

13.7

14

14.3

15.1

13.3

22.1

14.7

17.9

16.8

18.3

20

19

17.9

25.5

23.1

22.7

Season Season
Initial Maximum
Maximum Length, Length, Spawning Spawning
(°C) 12.5°C
10°C
Period
Period
(days) (days) Mean (°C) Mean (°C)

Table S3.2. Site environmental metrics used as predictors.

-0.743
-0.531
-0.79

0.022

-0.088

Season length
(10°C)

Season length
(12°C)

Initial spawning
period mean

Maximum
spawning period
mean

-0.889

75th percentile
summer

Maximum

-0.904

Summer mean

-0.885

-0.917

Mean

90th percentile
summer

1

Latitude

Latitude

97
-0.15

-0.12

0.896

0.708

0.787

0.821

0.829

0.875

1

-0.92

Mean

0.308

0.189

0.586

0.295

0.939

0.991

0.995

1

0.875

-0.904

Summer
mean

0.391

0.237

0.52

0.214

0.935

0.998

1

0.995

0.829

-0.889

75th
percentile
summer

0.415

0.271

0.512

0.209

0.939

1

0.998

0.991

0.821

-0.885

90th
percentile
summer

0.407

0.357

0.458

0.2

1

0.939

0.935

0.939

0.787

-0.743

Maximum

-0.708

-0.511

0.933

1

0.2

0.209

0.214

0.295

0.708

-0.531

-0.483

-0.383

1

0.933

0.458

0.512

0.52

0.586

0.896

-0.79

Season Season
length length
(10°C) (12°C)

0.808

1

-0.383

-0.511

0.357

0.271

0.237

0.189

-0.121

0.022

1

0.808

-0.483

-0.708

0.407

0.415

0.391

0.308

-0.147

-0.088

Initial
Maximum
spawning spawning period
period mean
mean

Table S3.3. Pearson’s correlation coefficient matrix of environmental metrics calculated from
each site.

Table S3.4. Start and end dates for periods of initial and maximum spawning of Urosalpinx.
Dates used to calculate mean temperature of each spawning period (Table S3.2).
Site
Great Bay, NH
Woods Hole, MA
Oyster, VA
Beaufort, NC
Folly Beach, SC
Skidaway, GA
Willapa, WA
Humboldt, CA

Initial
Start
End
6/1/2018
6/30/2018
5/15/2018
6/15/2018
5/1/2018
5/30/2018
3/15/2018
4/15/2018
3/1/2018
3/30/2018
3/1/2018
3/30/2018
4/15/2018
5/15/2018
4/15/2018
5/15/2018
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Maximum
Start
End
7/1/2018
8/31/2018
7/1/2018
8/31/2018
5/1/2018
7/30/2018
3/1/2018
5/30/2018
3/1/2018
5/30/2018
3/1/2018
5/30/2018
6/1/2018
7/15/2018
6/1/2018
7/15/2018

Table S3.5. Slopes and corresponding confidence intervals (CI) of piecewise regressions
extracted from segmented models. Slopes bolded follow the expected sign of TPC slopes
(positive for rising portion, negative for falling portion of TPC), and bolded confidence intervals
indicate slopes where zero is outside the 95% confidence interval for the predicted slope.
Shell Height
Slope 1

CI

Slope 2

CI Slope 2

Great Bay, NH

0.321

0.057

-0.104

0.297

Woods Hole, MA

0.299

0.070

-0.116

0.136

Oyster, VA

0.272

0.052

-0.003

0.274

Beaufort, NC

0.311

0.077

-0.045

0.150

Folly Beach, SC

0.341

0.152

-0.014

0.099

Skidaway, GA

0.407

0.125

-0.014

0.081

Willapa, WA

0.570

0.135

0.037

0.077

Humboldt, CA

0.414

0.121

0.026

0.083

Consumption
Slope 1

CI Slope 1

Slope 2

CI Slope 2

Great Bay, NH

0.18691

0.03271

-0.23745

0.15550

Woods Hole, MA

0.21518

0.05310

-0.02549

0.09845

Oyster, VA

0.18419

0.05584

-0.00954

0.10582

Beaufort, NC

0.18151

0.04376

0.03927

0.21679

Folly Beach, SC

0.19413

0.09555

0.02859

0.05839

Skidaway, GA

0.23383

0.05559

-0.15764

0.10109

Willapa, WA

0.30099

0.13732

0.02004

0.07444

Humboldt, CA

0.18025

0.04264

-0.19215

0.21615
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Table S3.6. Extracted breakpoints for piecewise and quadratic TPC models

Population
Great Bay, NH
Woods Hole, MA
Oyster, VA
Beaufort, NC
Folly Beach, SC
Skidaway, GA
Willapa, WA
Humboldt, CA

Growth
27.5
24.8
27.5
25.6
23.3
22.4
21.1
22.1

Great Bay, NH
Woods Hole, MA
Oyster, VA
Beaufort, NC
Folly Beach, SC
Skidaway, GA
Willapa, WA
Humboldt, CA

Growth
(mm)
5.02
4.22
4.54
4.26
3.64
3.67
3.89
3.62

Piecewise
Topt (°C)
Consumption
27.2
25.0
25.5
26.0
21.5
25.4
22.8
27.7
Piecewise
MTP
Consumption
(log(oysters/day))
1.29
1.03
0.730
0.805
0.400
1.22
0.730
1.09

100

Quadratic
Topt (°C)
Growth
Consumption
30.8
27.0
26.0
27.6
36.1
28.8
28.9
33.3
27.2
28.9
26.6
25.7
27.3
27.8
27.7
29.3
Quadratic
MTP
Growth
Consumption
(mm)
(log(oysters/day))
4.87
0.971
4.01
0.988
4.98
0.722
4.17
1.09
3.67
0.625
3.74
0.975
4.26
0.898
3.85
0.863

Table S3.7. AIC table of environmental model performance of growth rate using quadratic
models.

Initial Spawning Mean
Null
Maximum Spawning Mean
Season Length (12°C)
Season Length (10°C)
Mean
Latitude
Summer Mean
75th percentile summer
Maximum
90th percentile summer
Initial Spawning Mean
Null
Maximum Spawning Mean
Maximum
Season Length (10°C)
90th percentile summer
Season Length (12°C)
75th percentile summer
Summer Mean
Mean
Latitude

Maximal Trait Performance
AICc
Cumulative
K AICc ΔAICc Weight Weight
Likelihood
3 14.09
0
0.53
0.53
-1.04
2 16.72
2.63
0.14
0.68
-5.16
3 17.38
3.3
0.1
0.78
-2.98
3 17.97
3.88
0.08
0.85
-3.04
3 18.07
3.99
0.07
0.92
-3.31
3 20.83
6.74
0.02
0.94
-4.41
3 20.83
6.74
0.02
0.96
-4.41
3 22.19
8.11
0.01
0.97
-5.1
3 22.27
8.18
0.01
0.98
-5.13
3 22.28
8.19
0.01
0.99
-5.14
3
22.3
8.22
0.01
1
-5.15
3
2
3
3
3
3
3
3
3
3
3

Thermal Optima
38.45
0
47.14
8.69
48.65
10.2
51.73
13.28
51.96
13.51
52.18
13.73
52.23
13.78
52.35
13.89
52.44
13.98
52.73
14.28
52.74
14.29
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0.97
0.01
0.01
0
0
0
0
0
0
0
0

0.97
0.99
0.99
0.99
0.99
1
1
1
1
1
1

-13.23
-20.37
-18.33
-19.87
-19.98
-20.09
-20.11
-20.17
-20.22
-20.37
-20.37

Table S3.8. Parameter estimates for linear models of extracted maximal trait performance (y) and
thermal optima (x) from quadratic regressions against environmental predictors (see Table S).
Bold text denotes significance levels of P < 0.05. Asterisks (*) indicate models where top model
under AICc was a null model; in all of these cases, another candidate model fell under ΔAICc<2,
and so we present the results from those models. R2 is given as multiple/adjusted R2.
Growth Rate
Estimate
MTP
Topt

MTP
Topt

Intercept
Mean, Initial
Spawning
Intercept
Mean, Initial
Spawning

Intercept
Mean, Initial
Spawning*
Intercept
Mean, Maximal
Spawning

SE

t value

R2
(Multiple/Adjusted)

P

2.10

0.646

3.26

0.017

0.133
12.9

0.041
2.96

3.29
4.36

0.017
0.005

0.420/0.323

1.02

0.187

5.46

0.002

0.118/-0.029

Consumption Rate
0.664
0.453
1.47

0.193

0.006
33.9

0.012
5.81

0.506
5.84

0.631
0.0010

0.0410/-0.119

-0.264

0.282

-0.934

0.387

0.130/-0.019
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Table S3.9. AIC table of environmental model performance of consumption rate using piecewise
models.

Null
Mean
Summer Mean
Maximum
75th percentile summer
90th percentile summer
Season Length (12°C)
Latitude
Season Length (10°C)
Maximum Spawning Mean
Initial Spawning Mean

Maximal Trait Performance
AICc
Cumulative
K AICc
ΔAICc Weight Weight
Likelihood
2
8.68
0
0.54
0.54
-1.14
3 13.09
4.42
0.06
0.59
-0.55
3 13.15
4.47
0.06
0.65
-0.57
3 13.19
4.51
0.06
0.71
-0.59
3 13.43
4.75
0.05
0.76
-0.72
3 13.56
4.88
0.05
0.8
-0.78
3 13.63
4.95
0.05
0.85
-0.81
3 13.78
5.1
0.04
0.89
-0.89
3 13.84
5.16
0.04
0.93
-0.92
3 14.12
5.45
0.04
0.97
-1.06
3 14.26
5.58
0.03
1
-1.13
Thermal Optima

Null
Maximum
Summer Mean
Mean
75th percentile summer
Season Length (12°C)
90th percentile summer
Latitude
Initial Spawning Mean
Maximum Spawning Mean
Season Length (10°C)

AICc
Cumulative
K AICc
ΔAICc Weight Weight
Likelihood
2 39.84
0
0.55
0.55
-16.72
3 44.27
4.44
0.06
0.62
-16.14
3 44.55
4.72
0.05
0.67
-16.28
3
44.6
4.76
0.05
0.72
-16.3
3 44.75
4.92
0.05
0.77
-16.38
3 44.85
5.01
0.05
0.81
-16.42
3 44.94
5.11
0.04
0.86
-16.47
3 45.21
5.37
0.04
0.89
-16.6
3 45.29
5.45
0.04
0.93
-16.64
3 45.35
5.52
0.04
0.96
-16.68
3 45.36
5.52
0.04
1
-16.68
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Table S3.10. AIC table of environmental model performance of consumption rate using quadratic
models.

Null
Initial spawning mean
Maximum
Latitude
Mean
Summer Mean
75th percentile summer
90th percentile summer
Maximum spawning Mean
Season Length (10°C)
Season Length (12°C)

Maximal Trait Performance
AICc
Cumulative
K
AICc ΔAICc Weight Weight
Likelihood
2
-2.06
0
0.57
0.57
4.23
3
1.82
3.88
0.08
0.65
5.09
3
3.17
5.23
0.04
0.69
4.41
3
3.21
5.27
0.04
0.73
4.4
3
3.23
5.29
0.04
0.77
4.38
3
3.25
5.3
0.04
0.81
4.38
3
3.31
5.37
0.04
0.85
4.35
3
3.33
5.39
0.04
0.89
4.33
3
3.34
5.4
0.04
0.93
4.3
3
3.5
5.56
0.04
0.96
4.25
3
3.51
5.57
0.04
1
4.24
Thermal Optima

Null
Maximum spawning mean
Season Length (10°C)
Mean
Season Length (12°C)
Initial spawning mean
Latitude
Summer Mean
90th percentile summer
75th percentile summer
Maximum

K

2
3
3
3
3
3
3
3
3
3
3

AICc
Cumulative
AICc ΔAICc Weight Weight
Likelihood
40.9
0
0.58
0.58
-17.25
45.42
4.51
0.06
0.63
-16.71
45.71
4.8
0.05
0.69
-16.85
46.09
5.18
0.04
0.73
-17.04
46.17
5.27
0.04
0.77
-17.09
46.22
5.32
0.04
0.81
-17.11
46.24
5.33
0.04
0.85
-17.12
46.26
5.35
0.04
0.89
-17.13
46.33
5.43
0.04
0.93
-17.16
46.34
5.43
0.04
0.96
-17.17
46.49
5.59
0.04
1
-17.25
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X8 pops
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Figure S3.1. Conceptual figure of common garden experimental design. Each colored rectangle
indicates a flowing seawater table maintained via heaters and chillers to the indicated temperature.
Within each seawater table were three bins, serving as replicates within each temperature treatment.
Within each bin were three snails from eight populations, for a total of 24 snails per bin. Juvenile
snails were kept in labelled tea strainer halves to permit identification of individuals (not shown).
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2.5 mm
Figure S3.2. A Urosalpinx juvenile with prey C. virginica; drill hole indicated with arrow.
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A.

B.
B.

Figure S3.3. Thermal Performance Curves constructed using second-order polynomial
(quadratic) models, displaying the reaction of Urosalpinx net shell height growth (A), and the
daily consumption rate (B) to six common garden temperatures. Solid lines indicate native-range
populations from the Atlantic, dashed lines indicate invasive-range populations from the Pacific.

107

Figure S3.4. Piecewise regressions for growth by site. Dashed line models represent populations
from the invasive, Pacific range.
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Figure S3.5. Piecewise regressions for final timepoint consumption rate by site. Dashed line
models represent populations from the invasive, Pacific range.
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B. Consumption Topt

A. Consumption MTP
NH

GA

CA

NH

CA

NC

MA

MA

VA
GA

NC
VA
WA
WA
SC

SC

Figure S3.6. Relationship between consumption rate MTP and MAT in Urosalpinx (A) and Topt
and summer maximum temperature (B) in Urosalpinx. State codes are given next to the
performance of respective populations. There was no significant relationship between either MTP
and Topt and their respective environmental metric.
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Figure S3.7. Survival of Urosalpinx juveniles in the common garden experimental set-up over a
period of 24 days. Each point represents a snail, with 0 denoting deaths and 1 denoting snails that
survived the common garden experiment. The black line represents a binomial line of fit, and the
gray error around the line represents standard error.
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Figure S3.8. Consumption rate of Urosalpinx during three timepoints within the common garden
experiment. The left panel shows consumption rate at day 5, the middle panel at day 8, and the
right panel at day 11 (except at 16°C, where consumption rate was calculated on days 5, 8, and
13, respectively). Curves are loess model fits to each population.
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